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Abstract

The Time Capacitated Arc Routing Problem (TCARP) extends the classical Capacitated
Arc Routing Problem by considering time-based capacities instead of traditional loading ca-
pacities. In the TCARP, the costs associated with traversing and servicing arcs, as well as
the vehicle’s capacity, are measured in time units. The increasing use of electric vehicles and
unmanned aerial vehicles, which use batteries of limited duration, illustrates the importance
of time-capacitated routing problems. In this paper, we consider the TCARP with stochastic
demands, i.e.: the actual demands on each edge are random variables which specific values
are only revealed once the vehicle traverses the arc. This variability affects the service times,
which also become random variables. The main goal then is to find a routing plan that
minimises the expected total time required to service all customers. Since a maximum time
capacity applies on each route, a penalty time-based cost arises whenever a route cannot be
completed within that limit. In this paper, a strategic oscillation simheuristic algorithm is
proposed to solve this stochastic problem. The performance of our algorithm is tested in a se-
ries of numerical experiments that extend the classical deterministic instances into stochastic
ones.

Keywords: Capacitated Arc Routing Problem, Time-based Capacities, Stochastic Opti-
mization, Simheuristics.

1 Introduction

As|Corberan and Laporte| (2014) described in their reference book in vehicle routing, “the study
of modern arc routing truly started in 1960 with the first publication on the Chinese Postman
Problem”. Over the years, arc routing has evolved into a relevant research area, which might
include real-life characteristics such as multiple criteria, soft constraints, or stochastic travel times,
just to name a few. In general terms, in Arc Routing Problems (ARPs) the objective is to traverse
a set of connecting edges (in the undirected case) or connecting arcs (in the directed one) at the
minimum possible cost. We can find many types of constraints modeling different applications,
from garbage collection to meter reading, and the advances in optimization permit to obtain
high-quality solutions in most of the cases.

ARPs can be formally defined on a graph G = (V, E), where V is the vertex set (including
the depot d where routes start and end), and F is the set of edges (if G is undirected, or arcs if
it is directed). For each edge ¢ € E, there is a non-negative value c¢(e) giving the distance-based
or time-based cost of traversing it (similarly for arcs). In the Capacitated Arc Routing Problem
(CARP), capacity constraints limit the volume that can be carried on each vehicle. Vehicles are



typically identical, and are based at the depot. As is the case with many ARPs, this variant
is NP-hard and, therefore, optimal solutions are difficult to obtain for medium- and large-size
instances of real applications. This is why much of the research in the scientific literature concerns
methods to find good lower bounds, or heuristics to obtain near-optimal solutions (Wghlk, [2008)).

Muyldermans and Pang] (2014) identified more than 80 publications dealing with different vari-
ants of the CARP, and proposed five categories to classify them according to the characteristics of
the network, vehicles, facility, demand, and objective. In particular, the network can be directed or
undirected, or combining both cases in a mixed graph. Vehicles are typically identical, but we can
also find a heterogeneous fleet in some applications, in which some types of vehicle cannot service
certain arcs (vehicle dependencies). Vehicles can also be multi-compartment, having the required
edges a demand for different commodities that must be kept segregated during the transportation
action. Multiple or mobile depots are characteristics related to the facilities, in which we consider
several depots or intermediate facilities, respectively. Vehicles can be emptied or replenished in
these facilities. The demand contains many subcategories, reflecting the interest of researchers
and practitioners on these topics. Specifically, among the most important problems is that of
split delivery, a well known problem in which the constraint that each required edge is serviced
by a single vehicle is relaxed. The CARP with time windows has also received a lot of attention.
That is also the case of the time-dependent service cost, where time windows with a linear penalty
cost is considered. In the periodic CARP, each required edge has a given service frequency over
a pre-specified planning horizon. A realistic CARP arises in applications that are better modeled
with random variable demands on the edges. The stochastic demand reflects very well practical
situations in waste collection or snow removal. Finally, in the fifth category, objective, the authors
identified multiple objectives, including: service and labor cost, overtime and penalty costs, length
and duration of routes, etc. The inclusion of profits in the edges constitutes also an interesting case
in which vehicles do not have to service all demand edges, and profits are also collected from some
edges. In line with previous studies (Dror}, |2012), it is clear that the diverse nature and different
characteristics of all these CARP variants means that approaches customized for one application
are often less suitable to other problems.

In spite of the range of problems, the CARP remains less studied than its node-based coun-
terpart, the Capacitated Vehicle Routing Problem (CVRP or simply VRP), which in real-life
applications might require to consider alternative solutions (Juan et all 2009). In this paper,
we consider the situation where the capacity constraint on the vehicle is a time limitation rather
than a volume one, which is called the Time Capacitated Arc Routing Problem (TCARP). A
pure TCARP arises in problems where volume constraints are not relevant, for instance: meter
reading (Corberan et al., [2019)), rail inspection (Batista et al., [2019), or road inspection (Marzolf
et al., [2006). Modern applications of the TCARP can also involve the use of unmanned aerial
vehicles (Bayliss et all [2020)). In the TCARP, each edge e € E has a non-negative travel time
te representing the time required to traverse it. It also may have a time-based demand ¢., which
represents the time required to service it (g. > t., since service time includes traversing time). In
CARP, an edge may be traversed but not serviced by a route, which is referred to as deadheading
by that route (Figure . The objective in the TCARP is to find a set of routes minimizing the
total time employed in servicing required edges, where each one is serviced by exactly one route
while the time capacity @ > 0 of each vehicle is not exceeded. Note that this total time includes
both time required for servicing edges and for traversing deadhead edges. The distance traveled is
not directly minimized in the TCARP. However, minimizing total time usually produces solutions
(sets of routes) where distance is traveled efficiently. In situations where vehicle time capacity is
critical, classic volume-based methods will tend to produce infeasible solutions, with routes exceed
the available time. Although in some instances the difference between time- and volume-based
approaches may be small, replacing units of time for units of volume does not recognize the specific
characteristics of the TCARP (De Armas et al., 2019)). Consequently, while approaches for the
volume based CARP provide a guide to useful strategies for the solution of TCARP problems,
they also require a significant modification.

Literature on the TCARP is scarce. Some antecedents can be traced back to [Keenan and
Naughton| (1996)), who used a heuristic approach for rural postal delivery problems. Postal delivery
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Figure 1: Example of a simple TCARP with four routes.

problems constitute one of the most important areas of application of routing models. They are
usually volume constrained if, for example, delivery takes place on foot (Irnichl 2008). On the
other hand, van delivery fits better in the time-capacitated model (Keenan and Naughton) [1996]),
where working time limits are the main constraint on the routes. Also, |[Keenan| (2001}, 2005a)) tested
graph theory based lower bounds. Kirlik and Sipahioglu| (2012) introduced a related problem, the
CARP with Deadheading Demand (CARPDD), for which Bartolini et al.| (2013) proposed lower
bounds and an exact algorithm. Specifically, the TCARP can be considered a particular case of
the CARPDD, in which the edge demands and the objective function have the same (time) units.
These authors provided data sets, lower bounds, and some optimal solutions for the TCARP.
Recent research has shown an increasing interest in considering working time as an additional
constraint in a volume based problem. |Cortinhal et al| (2016) modeled waste collection with
concern for total working time and the balance between the working time for different routes.
[Wohlk and Laporte| (2018) examined a refuse collection CARP with duration constraints on large
networks. |Tirkolaee et al| (2018) addressed a waste collection problem with driver and crew
working time limits. |Willemse and Joubert| (2019) examined Mixed Capacitated Arc Routing
Problems under time restrictions, which required consideration of both deadheading and service
time on routes. There are other CARP examples where different road conditions mean differing
parameters for service at different times of the day. Thus, for example, the recent paper by
et al| (2020) included a time-dependent penalty cost.

In De Armas et al.| (2019), the authors propose a metaheuristic algorithm to deal with large-
scale instances of the TCARP. Our paper builds upon their approach by extending the previous
metaheuristic into a simheuristic algorithm (Juan et al.l 2018)) able to tackle a stochastic version of
the TCARP in which demands are random variables following a known probability distribution.
Thus, the exact value of these demands is not discovered until the edge has been traversed,
which has a direct influence on the service times. Notice that these time-based demands, ¢., are
now considered as random variables (which are usually represented by uppercase letters), i.e.,
Q. = te + D¢, being D. > 0 a random variable representing the pure service time (without
considering the traversing time, t.). Working under more realistic uncertainty conditions (e.g.,
stochastic demands and service times), might impose additional difficulties whenever a maximum
time per route is considered. In effect, there are scenarios in which drivers cannot work for
more than a given number of hours, and others in which a time limitation is imposed by the
fact of using batteries — as in the case of electric vehicles and unmanned aerial vehicles. In




those scenarios, random service times might generate route failures, i.e., routes that cannot be
completed due to the total time exceeding a time threshold. The existence of these route failures
might require corrective actions which, in turn, will increase the time-based cost of the routing
solution. This justifies the need for reliable solutions with low expected time-based costs. Hence,
the main contributions of this paper are: (i) it introduces a more realistic version of the TCARP in
which random demands are considered; (7i) it proposes a simheuristic algorithm, which integrates
simulation into a metaheuristic framework, to deal with the TCARP with Stochastic Demands;
(iii) it proposes a set of stochastic benchmarks that extend, in a natural way, the deterministic
ones from the TCARP literature; and (iv) it introduces reliability concepts to better assess the
quality of the obtained solutions.

The remaining of the paper is structured as follows: Section [2| provides a literature review on
stochastic CARP variants. Section [3| describes the constructive heuristic that we apply to solve
the deterministic version of the TCARP. Section [4] can be considered the core of the paper, since
it is devoted to describe the simheuristic algorithm that we propose to solve the TCARP with
Stochastic Demands. Finally, Section [5]| presents a number of computational experiments to asses
the merit of our proposal, while the results are analyzed in Section [} Section [7] discusses how our
algorithm can be extended to consider loading capacity constraints as well. The paper finishes
with the associated conclusions and future work in Section

2 Related Work on the Stochastic CARP

Classical optimization methods encounter grave difficulties when dealing with optimization prob-
lems with uncertainties. It is well documented that stochastic elements make practical problems
much more challenging, making them inaccessible to modeling except by resorting to more com-
prehensive tools, such as computer simulation. This is probably why the literature on stochastic
versions of the CARP is limited, when compared with the deterministic versions reviewed above.
We now describe the few previous publications.

In their seminal paper, [Fleury et al. (2002) modeled the random quantities in the stochastic
CARP by Gaussian random variables, based on the central limit theorem. Note that the demand
on each edge is the sum of multiple elementary demands (say for instance waste containers or
plastic bags in waste collection). Therefore, the application of the theorem results in a Normal
distribution. The main objective was to evaluate the robustness of the solutions obtained when the
demands are stochastic. [Fleury et al.| (2005]) proposed a hybrid Genetic Algorithm to obtain robust
solutions to the stochastic CARP. The authors customized the Genetic Algorithm framework
proposed by |[Lacomme et al.| (2001)) for the deterministic CARP to deal with random demands.
Specifically, the Normal distribution describing the demand in each edge is truncated, avoiding
negative values or demands exceeding the vehicle capacity. The method was tested on classical
CARP instances (Belenguer and Benavent 2003)).

Christiansen and Lysgaard| (2007 proposed a column generation method based on the following
formulation as a set partitioning problem. The authors first define R as the set of routes r =
(d,i1,...,ik,d), where i1,...,ix € V. Each route r has an expected cost, ¢,. The expected
demand is computed as the sum of the expected values E[D,| in each edge e = (i;,%;41) of the
route. Only feasible routes are considered in R, i.e.: routes with expected demands within the
capacity limit @. Let a; be a parameter of value 1 if route r visits node i, and 0 otherwise. Then
the problem can be formulated as follows:

min z(z) = min ¢z,
rTER

s.t. Z aiqrx, =1 VeV
reR
z,={0,1} VreR



Christiansen et al.| (2009) extended their previous work and proposed a Branch-and-Price al-
gorithm in which the pricing incorporates demands with stochastic nature. We can also find
developments in the metaheuristic arena for the stochastic version of the CARP. [Laporte et al.
(2010) applied the Adaptive Large Neighborhood Search (ALNS) framework to solve the undi-
rected CARP in the context of garbage collection. Specifically, the authors included, in their
ALNS method, the expected cost of recourse by extending the concept of route failure commonly
found in stochastic node-routing problems. As it is customary in heuristic papers, the authors
presented computational results to show the merit of their ALNS. Their analysis reveals that
ALNS solutions are better than those obtained when considering first a deterministic CARP and
then computing the expected cost of recourse by using random variables for the demands.

As may be expected, we can find different applications in which the stochastic CARP is adapted
to model a particular problem. |Chen et al.| (2009)) solved a real-world application in small-package
delivery, where uncertainty is addressed into a model called Probabilistic Arc Routing Problem.
The authors adapted a local search that was primarily designed for the Probabilistic Traveling
Salesman Problem (Bertsimas and Howell, [1993). Another interesting application can be found
in Ismail and Ramli| (2011), who considered a rich CARP based on waste collection operations.
The authors studied weather-base variants of routing problems. Specifically, they addressed the
particular case of how rain drops affect the weight of the collected waste. Their heuristic method is
built from a constructive heuristic called Nearest Procedure Based on Highest Demand/Cost. Also,
Gonzalez-Martin et al.| (2018) introduced a simheuristic algorithm for the CARP with Stochastic
Demands. The authors proposed to adapt the metaheuristic framework to deal with uncertainties.
In particular, their method is based on the well-tested RandSharp algorithm for the deterministic
CARP (Gonzalez-Martin et al.l [2012)). In the present work, we consider stochastic demands for
the TCARP.

3 A Savings-based Heuristic

This section describes the constructive heuristic that we apply to solve the deterministic version of
the TCARP. This heuristic for the TCARP is based on the savings heuristic for the CARP proposed
in (Gonzalez-Martin et al.| (2012)). The resulting adaptation is then extended by combining it with
the augment-merge heuristic proposed by [Lacomme et al.| (2004]). Algorithm [1|depicts the pseudo-
code of our approach, which we describe now in more detail. Given a graph G, which might be
complete or not, the Floyd-Warshall algorithm (Pallottino, [1984) is used to compute the shortest
paths —based on traversing time— for all pairs of nodes, i,j € G (see line 1 in Algorithm . This
allows us to consider the graph as a complete one. At this point, we compute the savings associated
with each path connecting two different nodes related to a requiring edge, e = (¢,5) (lines 2 and
3). The savings associated with a requiring edge e are computed using the following expression:

s(e) = t(depot, i) + t(j, depot) — t.

Then, required edges are sorted in a decreasing order according to the value of their associated
savings (line 4). At this point, we construct a ‘dummy’ set of single-edge routes (line 5) by
considering each requesting edge, and their connection paths to the depot. The following augment
procedure is now applied over the dummy solution (line 6): (%) routes in the dummy solution
are sorted by total time (from higher to lower); (ii) each route is scanned to identify those edges
—belonging to the scanned route— that are also requesting edges in other routes of the dummy
solution; and (iii) whenever one of these edges is identified, it is serviced in the scanned route if
that does not violate any constraint —i.e., the largest route ‘absorbs’ the shortest one if possible.
In our experiments, we run the algorithm with and without this augment procedure, since its
performance depends on the specific instance being solved. Now, a route-merging process starts.
This is an iterative process (lines 7 to 22). In this process, for each edge e in the list of savings, its
two extreme nodes, ¢ and j are considered. All routes (if any) traversing each of these extremes,
and having the corresponding node as an ‘exterior’ one, are merged to construct a new route mR
traversing e. In this context, an exterior node in a route R is one that is connected to the depot



Algorithm 1 Heuristic approach
1: times « algFloyd-Warshall(graph) % Use Floyd-Warshall algorithm to compute the shortest
paths for all pair of nodes i, j in the graph
reqEdges < getReqEdges(graph) %Obtain the requesting Edges
savings < computeSavings(reqEdges, times, depot)
sortSavingByDecreasingOrder (savings)
routes + genDummyPartialRoutes(reqEdges) %Generate dummy ‘partial routes’, where each
reqFdge e is a route

6: AugmentRoutes < applyAugmentProcedure(routes) %Apply Frtended-Augment phase
7: for (edge e € savings) do %Starts route-merging process

8: i < origin(e)

9: j < end(e)

10: for each route aR in AugmentRoutes with aR traversing i do

11: iR < aR

12: for each route bR in AugmentRoutes with bR traversing j do
13: jR < bR

14: if isMergePossible(iR, jR, vCap) then

15: mR + mergeRoutes(iR, jR, i, j)

16: routes <+ delete(iR)

17: routes < delete(jR)

18: routes < add(mR)

19: end if

20: end for

21: end for

22: end for

23: sol < reconstruct(routes, graph)
24: return sol

through a path that does not contain any requesting edge. Thus, using exterior nodes during the
merging process of routes iR and jR allows for the exclusion of entire sections from these routes
without losing any edge-service already assigned to them. At this point, the algorithm checks if
the new route mR does not violate the time-based capacity of the vehicle, vCap (line 15). In
case that all the constraints are satisfied, the new route (mR) is added to the current solution in
substitution of the two routes that were merged, which are deleted (lines 16 to 18).

In order to complete a merge of two routes, it might be necessary to change the orientation in
which one of the routes is traversed —which, in turn, defines the orientation in which the connecting
edge must be traversed. This process continues until either a successful merge is attained or no
more routes satisfy the initial conditions. The final step (line 23) consists in reconstructing the
final solution, by adding the missing connection paths among the merged routes. This procedure is
carried out by computing the shortest path between the edges in the route, using all-pairs shortest
paths generated at the beginning of the procedure. Once the algorithm is completed, the solution
is returned (line 24) as the output of the method.



4 The Strategic Oscillation Simheuristic

Based on the deterministic heuristic introduced in the previous section, we propose a simheuristic
approach to solve the stochastic TCARP. Simheuristic algorithms combine metaheuristics with
simulation, and have been recently employed to solve stochastic optimization problems in ar-
eas as diverse as vehicle routing problems (Guimarans et al., 2018]), inventory routing problems
(Gruler et al., 2018| [2020), project management (Panadero et al., [2020), e-commerce network
design (Pages-Bernaus et all |2019)), or waste collection management (Gruler et al.l 2017alb).
Specifically, we propose an oscillation pattern to create a balance between search intensification
and diversification. Strategic oscillation (SO) is closely linked to the origins of Tabu Search (Glover
and Lagunay, (1998) and operates by orienting moves in relation to a critical level, as identified by
a stage of construction. Constructive and destructive oscillation, where constructive steps add
elements and destructive steps drop them, are very popular to enhance classic constructive pro-
cesses. We implemented a simplified and effective SO, known as iterated greedy or IG (Ruiz and
Stiitzlel [2007)), which obtains high-quality solutions by iterating over a greedy constructive heuris-
tic. The strategic oscillation uses two main phases: destruction and construction. The greedy
heuristic in our case is the extended heuristic (tested with and without the augment procedure)
described above. Algorithm [2| depicts the main characteristics of our approach, composed of three
stages. First, a feasible initial solution is generated using a constructive heuristic. Then, the IG
metaheuristic improves this initial solution by iteratively exploring the search space. This process
conducts a small number of Monte Carlo simulation (MCS) runs to obtain rough estimates of the
solution performance under stochastic conditions. This allows us to generate a pool of ‘promising’
elite solutions. In the third stage, a refinement procedure, using a larger number of MCS runs,
is applied to these elite solutions. The latter step provides a more accurate estimation of the
expected total cost (Rabe et al. |2020). We now describe the previous steps in more detail.

As shown in Algorithm [2] our method applies the extended savings heuristic in line 1 to obtain
an initial solution, ImitSol. It is computed using the expected demand of the random variables,
E(D.). In other words, we first solve the deterministic version of our problem in which we simply
have an expected (average) value d.. Once the initial solution is obtained, we submit it to a
standard evaluation process using stochastic data. In particular, we use MCS to simulate many
scenarios (values of the random variables) and compute the average objective function value (total
travel time) across all the scenarios. To keep the computational time low, we limit this simulation
to 100 replications or scenarios. This process is called FastSimulation in line 2 of the algorithm.

One of the main advantages of simheuristics is that the objective function information is
supplemented with risk analysis (Ferone et al.l 2019). In our problem, random times in the
demands may cause a failure in the routes, since vehicles have a maximum traveling time Q.
Therefore, when we submit a solution to the MCS, in some of the scenarios a route may turn out
to be infeasible because its total traveling time exceeds ). In that case, a corrective action has to
be taken, which implies an early termination of the route: the vehicle must return to the depot
without visiting all the edges in order to satisfy the time constraint. Then, a new vehicle goes
to the route to complete it from that point on. This extra cost of going to and returning from
the depot has to be added to the total time. Hence, it becomes part of the average expected cost
returned by the MCS. Additionally, we compute the fraction of times (percentage of scenarios)
that the solution is feasible, and where no corrective action is needed. Hence, simulation allows
us to estimate reliability of a complex process (Faulin et al.l |2008)). This reliability value provide
a measure of the solution robustness across different scenarios.

The initial solution reliability is set as a threshold, reliableThreshold, to filter the solutions
from subsequent iterations. Our method collects the best solutions identified in the search process,
and saves them in a pool of solutions (poolBestSols). We do not admit solutions with a reliability
value lower than the threshold into this pool. As the search progresses, we increment the reliability
threshold by 0.1 every 50 iterations, and only very robust solutions will become part of this elite
set. The main loop of the method (lines 6 to 20 in Algorithm performs construction and
destruction steps according to the strategic oscillation principle. In particular, we first remove
some elements from the baseSol, which originally is the initial solution. An interesting point is



Algorithm 2 Simheuristic approach

initSol +— BR-Heuristic(inputs,3) % Randomized heuristic
reliableThreshold + fastSimulation(initSol)
baseSol < initSol
bestSol < initSol
tclapscd «~0
while (telapsed < tmax) do % SO Stage
newSol + oscillation(baseSol,inputs)
newSol < localSearch(newSol)
J + getDetTotalTime(newSol) - getDetTotal Time(baseSol)
if (§ < 0) then
fastSimulation(newSol) % Monte Carlo simulation
if (getStochTotalTime(newSol) - getStochTotal Time(bestSol) < 0) and
(Reliability(newSol) < reliableThreshold) then
bestSol < newSol
insert(poolBestSols, bestSol)
end if
end if
baseSol - AcceptanceCriteria(newSol,bestSol)
telapsed € update(telapsed)
end while
: for (sol € poolBestSol) do % Refined simulation
deepSimulation(sol)
if (getStochTotalTime(sol) < getStochTotalTime(bestSol)) then
bestSol < sol
end if
end for
return bestSol
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how to select the elements to be removed from the solution. We consider two different strategies
here. The first one, called random, simply removes k routes in the bestSol at random —where k is
a random number between 2 and the number of routes in the solution. The second strategy, called
selective computes, for each route, the difference between the vehicle capacity (in terms of time)
and its total traveling time. We then order the routes in decreasing order with respect to this
difference and select one at random from the first k. The rationale behind this step is that large
differences represent an opportunity to improve the route, while low differences imply compact
routes with good allocation of edges. Note that, in this case, the parameter k has a different role
than in the previous strategy. Then, we also remove from the solution the two closest routes to the
selected one. To do that, we compute the distance between two routes as the minimum between
the pairs of nodes, each one in a different route. Removing the three routes from the solution may
provide a significant change in the solution, which could permit us to create a different one.

In both strategies, random and selective, once the selected routes have been removed we obtain
a partial solution. This partial solution needs to be completed with new routes to serve the required
arcs. At this point, we apply the extended heuristic to reconstruct the partial solution. This creates
new routes to visit the nodes that were in the removed routes. Hence, a new solution is generated.
In this way, we complete an oscillation step. It is worth mentioning, that the random strategy has
a diversification component —searching for new combination of routes—, while the selective strategy
is based on intensifying the search —looking for improved outcomes. Both components are studied
in our computational experiments. The acceptance-criterion of our SO (line 20 in Algorithm [2)
establishes the rules by which the algorithm wanders over the regions of the search space in the
quest for better solutions. The following criteria are analyzed: (i) replace if better —i.e., the new
solution is accepted only if it attains a better objective value; and (i) random walk, —i.e., it always
selects the new solution, regardless of its objective function value, which prevents the method from



being confined in the area of one local optimum.

5 Computational Experiments

The proposed simheuristic has been implemented using Java SE 8.0 and tested on a workstation
with a multi-core processor Intel Xeon E5-2650 v4 and using 32GB of RAM. To the best of our
knowledge, there are no TCARP instances using random time-based capacities that we can use as
benchmarks. Accordingly, we have extended a deterministic set of previously published TCARP
and CARPDD data sets. The extension incorporates both random servicing times and traversing
times. In particular, the following data sets have been used:

e The tcarp data set, introduced by Keenan| (2005al), and available at [Keenan! (2005b)), contains
10 very sparse networks with up to 44 nodes and 50 edges derived from real rural networks in
Ireland. In the corresponding graphs, all edges are required and represent roads containing
a number of customers that must be visited by a fleet of vehicles based at the depot. The
traversing time t. of an edge e is related to its length, and the service time g, is equal to t.
plus the time for visiting all customers on edge e. Both traversing and service times, as well
as the vehicle capacity @, represent times expressed in minutes. For each network, three
instances are derived by setting @ equal to 40, 50, or 60 min, respectively. Results (lower
and upper bounds) for this data set are available in [Bartolini et al.| (2013)).

e The tegl data set, proposed by [Bartolini et al.| (2013]), uses the networks of the egl data set (Li
and Eglese) [1996]). The input data for these instances was generated as follows: (i) for each
edge e € F, its length I, (in km) is defined as I, = 0.1 ¢, —~where ¢, represents the edge cost
in the original egl data set; (i) the traversing time ¢. of edge e is set equal to 0.35-60 - [, to
simulate the time (in minutes) needed to traverse the edge by a vehicle with speed 35 km /h;
(i11) for each required edge e € E,4, a random number of customers s, € [1, 5] is assigned to
e; and (iv) for required edges, the service time ¢, is set equal to t.+5- s, —i.e., they assume a
5-min stop at each customer. Finally, for each network two instances are created by setting
the time-based capacity @ equal to 240 and 360 min, respectively. Updated results for this
data set (lower and uppers bounds) are available in Bartolini et al.| (2013).

e The val data set, introduced by [Kirlik and Sipahioglul (2012), contains 34 instances defined
on 10 different graphs. For each graph, different instances were created by changing the
capacity of the vehicles and all edges are required in the val data set. These instances
consist of 24 to 50 nodes and 34 to 97 edges. From this data set, we have selected the
large-sized instances, which are expected to be the most challenging ones. Updated results
for this data set (lower bounds) are available in Kirlik and Sipahioglul (2012).

e The rural data, available at|Keenan| (2017)), contains a large-scale sparse instances based on a
simplified version of real Irish rural road networks, extracted from a Geographic Information
System (GIS). The data set represents rural postal delivery, where a postman in a van may
service several hundred houses widely distributed over a very sparse road network. The main
constraint is the length of a working day. As the postman must sort his / her post before
driving, the typical day left for driving is 6 to 7h. A long road may have several edges, as
sections of a road need to be identified for address purposes. Consequently, there are many
nodes of degree two in the network. The average degree of these rural local networks is
around 2.5, compared to around 3 for typical main road networks and 3.5 for cities built on
a block pattern. These large networks are similar to the tcarp data set, which was previously
made available [Keenan| (2005b|) as a small example of this type of network. Three instances
are then created by setting @ equal to 360, 400, and 420 min, respectively. The best known
solutions (BKS) for this data set are available in |De Armas et al.| (2019).

Regarding the algorithm design, after some tests we have decided to use the random choice
for the destruction process, as well as the replace-if-better choice for the acceptance criterion.



Table [1|summarizes the main characteristics of these sets: number of instances, minimum number
of nodes, maximum number of nodes, minimum number of edges, maximum number of edges, and
time-based capacity. Notice that not all instances in a dataset use the same value for the time
capacity . Hence, the table shows the different ()-values employed in each dataset.

Table 1: Summary of data sets.

Dataset Instances  Min. Max. Min. Max. Time capacities
Nodes Nodes Edges Edges (Q)

tcarp 10 17 44 24 50 40, 50, 60

tegl 2 7 140 98 190 240, 360

val 5 30 50 50 97 144 - 918

rural 2 221 599 245 872 360, 400, 420

To extend the aforementioned instances, we have assumed that the time delay, D., follows a
Log-Normal probability distribution. The Log-Normal distribution is a natural choice for describ-
ing non-negative random variables, such as times. In the real-world, historical data could be used
to determine the most appropriate distribution for the time requested to traverse or service each
edge. The Log-Normal distribution has two parameters: the location parameter, 1, and the scale
parameter, o, which relate to the expected value F[D,] and the variance Var[D,] as follows:

pe =In(E[D)) - 3n (1 * %) !

o= Wl (1+ VE[DW &)

We have set the variability in the delay of travel / servicing times with reference to the deter-
ministic equivalents such that Var[D.] = ¢-t, and ¢ > 0. The parameter c is a design parameter
that allows us to experiment with different levels of uncertainty. It is expected that, as ¢ converges
to zero, the results from the stochastic version converge to those obtained in the deterministic sce-
nario. We consider three different levels of uncertainty: low (j = 0.1), medium (5 = 1), and large
(j = 10). Tables [2] to [5| present the results for the different sets of instances in a scenario with a
large level of uncertainty (¢ = 10). The first column of these tables identifies the instance, while
the second column depicts the time-based capacity, (). We have divided the rest of columns into
two different parts. In the first part of each table, we validate our approach on the original TCARP
instances —i.e., without considering stochasticity. Thus, the OBS-D column shows our best deter-
ministic solution, and the OBS-D; column displays the computational time —in seconds— to reach
it. The next columns correspond to previously published deterministic results, which include: (%)
the results provided by De Armas et al.| (2019) for all the tested data sets; (ii) the results provided
by [Bartolini et al.| (2013) for the tcarp, tegl, and val data sets; and (%) the results provided by
Keenan| (2005a) for the rural data set. Subsequently, the next columns show the corresponding
gap between our approach (OBS-D) and other state-of-the-art methods. The second part of the
tables reports the results obtained for the TCARP stochastic instances considering random delays
and overtime penalties. The OBD-D-S column shows the expected cost obtained when the best
deterministic solution (OBS-D) is evaluated under a stochastic scenario, with the corresponding
level of uncertainty. To compute this column, we have executed just the algorithm disabling the
simulation part (fast simulation process), and we have applied the ‘intensive’ simulation process to
the best deterministic solution. The next two columns (F'1rel[6] and F2rel[7]) show the reliability
of OBD-D-S. We have considered two different ways to measure the reliability. F'lrel shows the
reliability measured in terms of the percentage of routes that are completed without violating the
time capacity Q. The F2rel displays the reliability measured in the same way than F'lrel, but
considering that if the demand capacity constraint is violated in the last edge —which connects
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with the depot— the route does not incur into a failure. This reliability could be seen as a relax-
ation of the capacity constraint. Similarly, column OBD-S-S shows the expected cost obtained
for the stochastic TCARP using the solution provided by our simheuristic approach. The next
two columns (Flrel[9] and F2rel[10]) show their associated reliabilities. Finally, the last column
reports the computational time to reach the OBD-S-S solution. Regarding tgl instances, despite
they were not solved in[De Armas et al|(2019)), we have applied their algorithm and code to obtain
and report their results.

6 Analysis of Results

The results show that our approach provides high-quality solutions for the deterministic TCARP.
Figure [2| depicts an overview of tables [2| to [5] about the performance of our algorithm in a deter-
ministic scenario. In these box-plots, the vertical axis represents the gap obtained with respect to
the lower bounds (LB) reported in the literature. Notice that our algorithm reaches the BKS for
the tcarp data set, and outperform the solutions provided by De Armas et al.| (2019)) for the other
three data sets. In average, we obtain a gap about 1.82%, with a maximum average gap of 4.04%
for the tegl data set. These results highlight the capabilities of our algorithm.

tcarp Dataset val Dataset
o] o
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2 29
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o [+3]
[} 3 4
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Q Q
8 0.0% 0.0% 0.0% 8
0.00 f====——h—— === m = mm e —----{ LB 0 === o LB
0BS_D de Armas (2018) Bartolini (2013) 0BS_D de Armas (2018)

(b) A comparison of val instances with respect to
lower bound (LB) of [Bartolini et al| (2013)

(a) A comparison of tcarp instances with respect to
lower bound (LB) of [Bartolini et al| (2013)

tegl Dataset

rural Dataset

351 o] 71 o
£ 304 6 o o
g g
8 25 o Y54 o
T T
520 3 4 o
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8 15 ) g3
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E 2
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i 29
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de Armas (2018)

(d) A comparison of rural instances with respect to

lower bound (LB) of [Keenan|

Figure 2: Comparison between our approach and other state-of-the-art approaches for the deter-
ministic TCARP.

(c) A comparison of tegl instances with respect to
lower bound (LB) of Bartolini et al. (2013)

Regarding the stochastic scenario —which represents the main contribution of this paper—,
results show that the solutions provided by our approach for the stochastic TCARP (OBD-S-S)
clearly outperform the solutions for the deterministic TCARP when these are simulated (OBD-S-
D). In other words, near-optimal solutions for the deterministic version of the problem might be

11



9 £8°0 180 188 LL°0 7L°0 89& %00°0 %000 %000 S¥T Srr Srr g Srr rabvazay
T 680 88°0 90g ¥L0 690 gIg %000 %000 %000 T6T T61 T61 T T61 ov 0TS
54 880 180 91% LL°0 ¥L°0 67F %000 %000 %000 O0ST 08T 08T 1€ 08T 0g 0TS
9 $8°0 z8°0 €8¢ €L'0 19°0 807 %000 %000 %000 TLI 1.1 1.1 g 1.1 09 0TS
L 8L°0 gL0 687 L0 ¥L0 787 %000 %000 %000 T2% 12¢ 12¢ 1 12¢ ov 6S
11 6L°0 ¥L°0 0T% €L'0 0.0 9g¥ %000 %000 %000 €61 €61 €61 € €61 08 6S
1 z8°0 08°0 vze 0L'0 990 188 %000 %000 %000 LLI LLT LLT 1 LLT 09 6S
g 880 18°0 691 ¥8°0 8L°0 G61 %000 %000 %000 LS 18 L8 1 18 ov 8S
T z8°0 6.0 PLI €8°0 GL0 z81 %000 %000 %000 €8 €8 €8 T €8 08 8S
g T6°0 880 $ST 98°0 ¥8°0 TLl %000 %000 %000 €8 €8 €8 T €8 09 8S
¥ 16°0 €80 LT £€8°0 €80 0LT %000 %000 %000 89 89 89 T 89 ov LS
8 €60 €60 61T £6°0 16°0 zel %000 %000 %000 89 89 89 T 89 0% LS
€ €60 760 LTT ¥6°0 €60 13T %000 %000 %000 89 89 89 T 89 09 LS
4 g8'0 z8'0 S¥I €L°0 1.0 16T %000 %000 %000 €IT €11 €11 T €11 Vg 9S
T 680 880 q1g 6.0 L0 8€T %000 %000 %000  L0T 20T 20T 01 201 0g 9s
9 98°0 €80 sve z8°0 9L0 G6¢ %000 %000 %000 0T v01 70T 1 v01 09 9S
i4 6L°0 ¥L°0 sad 8L°0 €L0 G997 %000 %000 %000 <91 g9T1 G971 1 g9T1 ov cs
1 18°0 LL°0 9L¢ 99°0 €90 VI %000 %000 %000 6FI 671 671 1 671 08 cs
4 6L°0 8L°0 182 8L°0 GL0 9ze %000 %000 %000 OFI ovI1 ovI 1 ovI 09 cs
L ¥8°0 6L°0 7S¢ z8°0 GL0 Ve %000 %000 %000 FLI VLI VLI 1 VLI ov ¥S
€ g8'0 z8°0 86T ¥8°0 080 0ce %000 %000 %000 g9I 291 z91 1 z91 08 ¥S
id 18°0 LL°0 £8C gL0 9.0 90€ %000 %000 %000 9T 9%1 %1 T A 09 ¥S
L LL°0 GL0 789 7.0 0.0 €62 %000 %000 %000 SFT Isizd izd ¥ Isizd ov €S
T 7.0 TL0 G8g TL0 690 qz9 %000 %000 %000 63% 62T 62T T 62T 0% €S
g1 9.0 €L0 £8% €L°0 TL0 9%g %000 %000 %000 SIg STT g1T T STT 09 €S
4 780 08°0 oLy GL0 1.0 S08 %000 %000 %000  F9T 791 79T 9 $9T ov S
L ¥8°0 18°0 g9¢ LL0 GL0 %44 %000 %000 %000 8ST 8GT 8GT ¥ 8GT 0g s
0% 18°0 08°0 L1€ 8L°0 LL°0 g9¢ %000 %000 %000  9ST 9GT 9GT ¥ 9GT 09 s
1 6L°0 LL°0 £G¢ 1.0 69°0 z9¢ %000 %000 %000 TII TIT 481 1 481 0¥ 1S
4 z8°0 08°0 QLT 6L°0 8L°0 062 %000 %000 %000 SOT 80T 80T 1 80T 08 18
1 ¥L°0 69°0 1.3 09°0 zg8'0 9¢g %000 %000 %000 ¥0T ¥0T1 701 1 Y01 09 1S
[0T] 6] 8] (L] [9] [g] wWlan lela1 [l (8102) (1]
(8) ’$-8-8d0  1PY gd  PU Td  $-S-Sd0  ‘[P¥ gd  [PY 1A S-d-SdO  [#-1] [e-1] [c-1]  (€107) turoyreq sewry o@  (s) *d-SO  d-SdO O  edouejsu]
dUVD.L 21358015 (%) sden dUVO.L 21sIuIuIsga(g

“398 egep dupog 9} 10§ sjnsal reuoryeinduwio)) :g o[qel,

12



I 18°0 &L°0 OLLY 0L°0 G9°0 7108 %ES'T  %Y0Y  %6L&-  Yate crss  r9ge gg sLYs 26420y
61 Z8°0 09°0 19201 G9°0 09°0 0980T %ES0- %ET'T  %9E0-  LTEL 860L  ©STL 8¢ 96T L 0ve  D-7S-199%
8¢ 6L°0 €9°0 6VEL 99°0 29°0 qeEYL %ET0  %OV'E %000  061¢C 0805  20T¢ qr z0gg 09¢  V-Ps-[03
8¢ 08°0 £9°0 98 99°0 19°0 6188 %1TT %Ve'S %ST0- L6 108G  2ZT9 09 G019 oV D-gs-[993
ag 89°0 €9'0 L909 69°0 G9°0 2309 %60'E  %6Z'C %000  €OEV €1ey  9Ehv €z (1947 09¢  V-gs-[e3
6 69°0 ¥9°0 006 89°0 £9°0 LG6L %ITE  %VE'S %Te0-  E€TPS 60£S <099 19 1869 oV D-gs-199%
8 26°0 €8°0 8qey TL0 69°0 991¢ %LV’ %09F  %lIzT-  9T6E o¥8e  FITV Ly €20V 09¢  V-gs-[9e3
9g G6°0 18°0 7862 69°0 £9°0 90g¢ %V0'0  %66'C  %899T- LLST 6.7 T60€ e 8192 oV D-Ts-[893
€9 08°0 82°0 L61T ¥9°0 19'0 18€% %BLTT  %STO  %06°0Z- TTLT 8G9T  GTTC € 09T 09¢  V-Ts-[S03
9z 69°0 290 990% 490 09°0 cTes %TV'T- %890 %000  TSEE S¥e  0L2€ 0T 0.2€ ove  D-ve-[893
g G0 120 989¢ 69°0 G9°0 9.8¢ %ST'0- %S0T %000  069% 8697 989¢ %4 989% 09¢  V-7o-[90%
62 1470 €9°0 v99¥ 0L°0 79°0 TelLy %LE0  %V6'T  %9T0-  000E qg6T  610€ €1 110€ ove  D-go-[893
¥ 16°0 280 veve 90 €9°0 609¢€ %6T'C  %61'C  %LS0-  ELET €LET  6EVE 9¢ qTe 09¢  V-go-[S03
82 VL0 89°0 129¢ 69°0 £9°0 6£8¢ %60'C  %S6'T  %ELT-  SSET €CeT  I8VC X 944 ove  D-zo-[99%
6¢ 6.0 1270 1992 €L°0 69°0 96.% %IE'S %989 %000  TT6T TO6T  €20%T L2 €202 09¢  V-go-[90%
09 G6°0 £6°0 L6LT 9.0 1470 9623 %IL'S  UFV'6  %66°€-  T9VI TSPT 999T oy 68T ove  D-Te-[89%
o 66°0 660 [t4d G8°0 LL°0 S691 %IS0  %6S'T  %6S€I- SATT TOTT__ L9€T 6C P8IT 09¢  V-To-[0%
[0T] l6] 8] (2] [9] g] Flan I[eld1 [e] (8102) 1]
(s) S-S0 ‘1PH zd PY T4 §S-Sd0 ‘[PHgd P 14 §-d-SdO  [¥-1] [e-1] [c-1]  (€107) ruroyreqg seuwry o (s) *d-S90 -S40 D “ysup
dUVOL S1I5eY0018 (%) sdep dYVOL dustuiusieq

"398 eYep 627 1) I0f sjInsal Teuoryeindwo)) ¢ S[qe],

13



1% 96°0 760 779 780 64°0 858 %BIYT  %S0°0- GLE £88 Gr £88 ‘abvisay
9¢ €80 €L0 1612 60 L9°0 2691 %EE'6  %00°0  TLL P8 0g 778 TPI OTTRA
9¢ 16°0 98°0 06¢ 60 TL0 089 %IET %000  6SF qop g1 Go% 88T OTIeA
L€ 88°0 980 39 080 9.0 9€8 %L9°0 %000  9FF 6VF et 671 qog OTI®A
v 16°0 06°0 €09 180 780 60L %9T°0 %000  9EF Siad 61 157 0S¥ OTTRA
12 660 66°0 2208 z8°0 7.0 ligat %S’ %000 TTF ad <4 Siad 4 612A
9z €60 16°0 628 18°0 G0 198 %09°0  %ST'T- gge see LT yee 70€ 61BA
€z 960 ¥6°0 06€ z8°0 8.0 sV %IE0  %Ie0  92¢ 9ze 6 128 08¢ 61_A
6% 660 66°0 ape z8°0 z8°0 T6¥ %TIE0 %000  €T€ 443 LT 443 119 612A
91 660 66°0 TL01 6L°0 89°0 4t %ST'E %000  €0S 61G g1 61¢ 88T STeA
91 00'T ¥6°0 109 Z8°0 7.0 98. %000 %000 98¢ 98¢ 6T 98¢ vev STeA
6 660 66°0 607 98°0 18°0 829 %000 %000 98¢ 98¢ 11 98¢ 6.LG SIeA
1 660 66°0 8.9 680 080 180T %YP'T %000 L¥E 449 € 44 161 LIBA
91 660 86°0 19¢ 98°0 8.0 989 %000 %000 €8¢ €8¢ 4 €8¢ 6v¢ LIRA
4 660 66°0 Vizs 96°0 960 6ve %000 %000 6.2 6T 1 6.2 qoF LIRA
12T €60 26°0 96¢ 0.0 99°0 028 %000 %000  6£T 6€C LT 6€C 0LT 9IeA
1 660 66°0 0€T L6°0 160 ige %06°0 %000 12T [t de I £TT 879 N
I 00T 00T 122 00T 00T 132 %000 %000  T12% 122 I 122 816 9[eA
(6] [8] (L] [9] [s] 7] le] a1 (¢102) [2] (8102) [1]
(s) *$-§-890  PH A P TA S-S-Sd0 ‘PHgd Y 14 (€) S-Ad-sd0  [e-1] [z-1] rurojreq seuty @ (s) '-S0 d-S90 D “3suy
dYVD.L 211seY203g (%) sden VDL 21IsIuIuILgoq

(@a@dyuvy) 1es eyep jva oy 10J sjnsal reuorjeinduwo)) :f o[qe],

14



&8 80 80 Gcla GL0 GL0 £033 %G6° T  %GI0- EE8T LL8T 68L IL8T 2bvi2ay

1821 ¥6°0 ¥6°0 z681 080 080 €881 %ee' T %09°0-  9£9T 9991 896 9591 09¢ greany
96 ¥6°0 ¥6°0 LSL1 ¥8°0 ¥8°0 PIST %ee' T %Hs0  FHIT 69T 908 %991 00% greany
96¢ 660 G660 9zL1 G8'0 G680 0981 %LI0  %96°0-  LVIT 7291 iZ0id 8691 (tr44 greanyy
Z16T 99°0 690 £06C TL0 0.0 8T6C %689 %96'T  LEET 0S¥z 8€LT 867¢ 09¢ premy
8e8T 120 69°0 T6LT €L°0 TL0 G08% %90°9 %800~  SPET 687C 7e6T LSVE 00¥ premy
G66T TL0 TL0 629C L9°0 990 128% %00F %66 T-  £LET 81GC SOLT 897°C 0z¥ premy
8T. ¥L°0 ¥L0 629C 0.0 69°0 GGLT %SY'e %000  THIT z81T €69 z81T 09¢ greany
€621 1.0 1.0 896Gz 69°0 69°0 1292 %T9'T %600~ 991T €61C veel 1612 00% greany
£Ge GL0 GL0 TEST ¥L°0 ¥L°0 T9S% %8E'T  %06°0- 891T 81¢C 12¢ 861¢ 0¥ greanyy
£6¢ 9.0 940 1122 GL0 GL0 €LT% %ee'T  %6F0  1T8T 9¢81 iy Gy81 09¢ greany
08¢ 18°0 08°0 61T ¥L°0 ¥L°0 1€2¢ %E6'0  %IT0- 1T8T 0FST 88T 88T 00% zreany
S¥e 18°0 08°0 v1eC TL0 1.0 81T %EE'0  %0L0-  GTST TFST 8zIT 1€8T 0e¥ greny
G971 98°0 98°0 LOET TL0 TL0 $TsT %LI'0  %LT'O  €6TT €611 4 G6TT 09¢ Tremy
zeT ¥6°0 ¥6°0 8LTIT 68°0 68°0 0geT %000 %000  G6TT G6TT 1€ G6TT 00% TreIny
jiid 18°0 18°0 £gel 1.0 1.°0 €SV %000 %000 G6TT G6TT I8 G6TT 0z¥ T1eIny
(6] (8] 2] [9] [q] [¥] le] a1 [¢] (8107) (1]
(s) 'S-8-8dO0  ‘1PH @A [PY 14 S-S-SdO  ‘[PH gd ‘[P 14 S-d-SdO  [e-1] [-1] (500z)‘ueueoy sewry o (s) *d-SgO0  d-S40 D “Jsuf
dUVOL 21ISeydols (%) sden dUVOL d1stuusieq

"198 BJeP V4N YY) 10} synsal [euoryeinduro)) :¢ a[qey,

15



sub-optimal solutions for the stochastic version. Notice that the OBD-S-S also outperforms the
OBD-S-D in terms of reliability. Hence the importance of integrating simulation methods during
the searching process when dealing with stochastic optimization problems. Notice also that the
OBS-D value can be seen as a reference lower bound value in a scenario with perfect information
—i.e., without uncertainty— for the expected cost under stochastic conditions. Similarly, while
(OBD-S-D) can be seen as an upper bound for the expected cost. For the different data sets,
Figure [3] shows the percentage gap of the OBS-S-S solutions, with respect the best deterministic
solution (OBS-D), using different variance levels (¢ = 0.10, 1, 10).
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Figure 3: Gaps (in %) comparing the OBS-S-S solution with different level of variance w.r.t the
“ideal” (uncertainty free) OBS-D solution.

All in all, the results confirm that not accounting for stochasticity during the search process may
have a significant impact on the quality of the final solution. For instance, the direct application of
deterministic solutions provide a slightly lower cost in ideal situations without uncertainty, but will

cause a much higher cost in a scenario under uncertainty —which will be increased as uncertainty
grows.

7 Adding Loading-based Capacity Constraints

Despite the main goal of this paper is to analyze the stochastic TCARP, our simheuristic approach
can be also generalized to the case with both random time-based (Q) constraints and vehicle-
loading constraints. The latter should not be exceeded by the sum of random demands, Le,
associated with each edge e in a route . Notice that the extension of the algorithm to cover this
general case is quite straightforward: we just consider additional random variables and impose
a new rule during the route-merging process, so that routes can only be merged if no time or
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capacity constraints are violated. We provide an example using one of the tcarp instances. As
with the time-based capacity, we have assumed that the random demand associated with an edge
e follows a Log-Normal probability distribution, with Var[L.] = ¢- [, —as before, ¢ > 0 is a design
parameter.

Table [6] shows the obtained results for the S2 tcarp instance in a scenario with a medium level
of uncertainty (¢ = 1). As shown in the first and second columns of the table, we have assumed
a maximum time capacity of ¢ = 60, whilst the loading capacity per vehicle, L, varies between
40 and 10. The first row of the table shows the results obtained when only the time capacity
is considered. The remaining rows offer the best-found solutions for a specific value of loading
capacity. As can be observed, for a loading capacity between 40 and 30, the deterministic cost of
the solutions and the number of routes do not vary with respect to the solution in which no loading
capacity was considered. This is due to the fact that loading capacities are not violated for any
route in the deterministic scenario. Regarding the expected cost, columns OBS-D-S and OBS-S-S
show that, for L = 30, it increases with respect to the previous executions. This is due to the
existence of route failures associated with the loading capacity. As the value of L decreases, the
number of routes increases (due to the smaller loading capacity of each vehicle). As a consequence,
both the deterministic and the expected costs increase as well.

Figures [4) and [5] depict, respectively, the best-found solutions when the loading capacity is not
considered and when it is established to L = 20. While in the former case, we employ just 3
routes, in the latter we employ a total of 5 routes —i.e., more routes, although smaller than the
previous ones, are necessary to cover all demands.

Route 1 Route 2
2 22
12 7 7 20
13 4 / \ 1(31x4 |\
11 8\6 16 15 1 11 \l 6 15 21
10 14 10
9 2 1 9 2 9

g3
5 7/5 5 25
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Z ; \13\:\” 19
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Figure 4: Best-found solution for () = 60.
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8 Conclusions and Future Work

In the traditional Capacitated Arc Routing Problem, the main constraint is usually given by
the loading capacity of the vehicles. However, there are many real-life applications in which
the main constraint is not the loading capacity of the vehicle but the maximum time available
to complete each route. This is the challenge considered in the Time Capacitated Arc Routing
Problem (TCARP). Some examples of these applications can be found in the use of unmanned
aerial vehicles or drones (Luo et all [2019), as well as in the utilization of road electric vehicles
in smart cities (Fernandez et al., [2019). In effect, both types of vehicles make use of electric
batteries, which in practice limit their driving range capabilities. A similar situation occurs when
considering the maximum number of hours that a driver can operate per day, which is limited by
both legal and physical thresholds. Despite all these applications, the TCARP has been rarely
studied in the scientific literature. Even more, the few articles that analyze the TCARP consider
just its deterministic version. This paper goes one step beyond the state of the art by considering
the stochastic version of the problem —i.e., a more realistic scenario in which travel and servicing
times are modeled as random variables following a given probability distribution. The analysis of
such stochastic scenarios is as challenging as critical, since aerial drones or road electric vehicles
running out of battery might constitute a serious issue in terms of traffic safety and security.

In order to deal with the aforementioned challenge, this paper introduces a simheuristic al-
gorithm, which combines a metaheuristic component with a simulation one. The metaheuristic
component relies on a constructive heuristic, which is an adapted and extended version of a well-
tested heuristic for the traditional CARP. The metaheuristic is also based in a well-tested strategic
oscillation framework. The simulation component allows not only to test the promising solutions
provided by the metaheuristic module, but it also provides feedback that guides the search for
more ‘reliable’ routing plans —i.e., plans that can be executed, without failures, in a scenario under
uncertainty.

A complete set of experiments is provided. These show that our approach is highly efficient
in solving the deterministic version of the TCARP and, which is even more important, is able to
effectively deal with the stochastic version. Our experiments also show an important conclusion,
i.e.: that optimal (or near-optimal) routing plans for deterministic scenarios will easily become
sub-optimal routing plans when executed in more realistic stochastic scenarios. This enhances
the relevance of simulation-optimization approaches as the one presented here. Finally, we also
show that our proposed simheuristic could be easily extended to include both time-based as well
as volume-based capacity constraints.

As future work, the following lines are being considered: (i) to extend our approach so it
considers the existence of correlations among travel and servicing times —e.g., when it rains, all
travel times tend to be larger than expected under better weather conditions; (ii) to consider
dynamic scenarios in which inputs, such as travel and servicing times or even required edges,
might change over time, meaning that we have to face an optimization problem with non-static
inputs (Arnau et al.,|2018]); and (%) to consider TCARP versions, related to aerial drones and self-
driving vehicles, which might need to be solved in real time and re-optimized every few minutes,
thus requiring an ‘agile’ optimization approach (Martins et al.| [2020).
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