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ABSTRACT
Simulation-based optimization (SBO) refers to a series of simulation-optimization methods that are employed
to solve complex optimization problems with stochastic components. This paper reviews some recent
applications of SBO in the area of Transportation and Logistics. This paper presents the stochastic variants
for the team orienteering problem to show the application of the SBO solving methods. Similarly, we
make a comparison of two of the most popular ones: the sample average approximation method and
the simheuristic algorithms. Finally, the paper concludes by considering the value of the aforementioned
approach and outlining further research needs.
1

INTRODUCTION

Simulation-based optimization (SBO) is a powerful modeling tool for analyzing complex systems that are
usually non-linear and large-dimensional problems which require simplifying assumptions to solve the
problem. This approach is frequently used to solve problems related to transportation and logistics (T&L),
supply chain management, or smart cities. Generally, a stochastic simulation optimization problem consists
of finding a configuration of resources aimed at an objective function, where the resources comprise the
uncertainty in the system. As a consequence, the performance of any feasible solution needs to be estimated
via simulation. Some system constraints are implicitly involved in the simulation process. However, there
are problems where both performance and constraints must be evaluated with simulation. As a result,
this approach allows us to estimate the expected performance through different system configurations or
scenarios. In this sense, the assumptions contribute to make the problem easier to solve, but at the cost of
not considering the real-life uncertainty that characterizes these systems. With the increasing advances in
computing hardware and software, simulation has become a ‘first-resource’ method for analyzing complex
systems under uncertainty (Lucas et al. 2015). However, traditional simulation approaches are not by
themselves able to generate optimal or near-optimal distribution plans in scenarios with many possible
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configurations. Hence, it makes sense to consider hybrid simulation-optimization methods that combine
the best of both worlds (Faulin and Juan 2008). Reviews and tutorials on simulation-optimization can be
found in Fu et al. (2005), Chau et al. (2014), and Jian and Henderson (2015).
In some cases, it is possible to differentiate between approaches that are more optimization-driven and
those that are more simulation-driven. In SBO, the optimization algorithm plays the role of a ‘driving’
agent and simulation acts as an ‘auxiliary’ agent, being called whenever appropriate by the optimization
agent. In optimization-based simulation, simulation acts as the driving agent to reproduce the behavior of a
random system and then optimization is called from time-to-time in order to find optimal (or near-optimal)
values of some simulation parameters.
This paper focuses on two popular SBO methodologies: the Sample Average Approximation (SAA)
method and simheuristic algorithms. The SAA is a well-known method that provides a solution based
on sampling of the random variables (Kleywegt et al. 2002). Considering this random sampling, the
expected value of the stochastic objective function is approximated by a deterministic objective function
and then solved using an optimization method, typically an exact method (Shapiro 1996). However, real-life
optimization problems are often NP-hard and large-scale in nature, which makes traditional exact methods
inefficient to solve them in reasonable computing times. Thus, the use of heuristic algorithms to obtain a
variety of high-quality solutions in low computing times is required (Faulin et al. 2008; Juan et al. 2009).
Simheuristic algorithms integrate simulation methods inside a metaheuristic optimization framework to
deal with large-scale and NP-hard stochastic optimization problems (Juan et al. 2018). Hybridization
of simulation techniques with metaheuristics allows us to consider stochastic variables in the objective
function of the optimization problem, as well as probabilistic constraints in its mathematical formulation
(Fu 2002). As pointed out by Glover et al. (1999) the combination of simulation with metaheuristics
is a promising approach for solving stochastic optimization problems that are frequently encountered by
decision makers in many industrial sectors. In this sense, a simheuristic algorithm extends a metaheuristic
one by integrating simulation into it. In Grasas et al. (2016), the authors discuss how to extend an iterated
local search framework into a simheuristic. Likewise, in Ferone et al. (2019) the authors explain how
to extend a GRASP framework into a simheuristic. A simheuristic algorithm is typically composed of
two different components: an optimization component which searches for promising solutions – and a
simulation component – which assesses the promising solutions in a stochastic environment and provides
feedback to the optimization component.
This paper illustrates the relative performance of both the SAA and simheuristic approaches by employing
a case study based on the stochastic team orienteering problem (TOP). As depicted in Figure 1, in its
deterministic version the main goal of the TOP is to find the vehicle-routing plan that maximizes the rewards
obtained by visiting a subset of potential customers (Chao et al. 1996). Usually, a time- or distance-based
threshold is imposed on each route. In the stochastic TOP, it is usual to consider either random rewards
or random travel / servicing times. Several variants of the TOP have been employed in a number of
applications related to different areas, such as city logistics, humanitarian logistics, and military logistics.
Nevertheless, the literature related to stochastic versions of the TOP is still scarce, and most of the solution
approaches rely on exact methods (Gunawan et al. 2018).
The remainder of this paper is structured as follows: Recent publications on simulation-based optimization and simheuristics are reviewed in Section 2; more details on the case study used for the methodology
comparison are provided in Section 3; Sections 4 and 5 outline the SAA and simheuristic approaches for
dealing with the case study; in Sections 6 and 7, some computational experiments are described and their
results analyzed; finally, Section 8 highlights the main contributions of this work.
2

RELATED WORK

This section reviews recent works, in the area of transportation and logistics, related to the different solution
concepts described in this paper: the general simulation-optimization methodology – including the SAA
method – and the simheuristic algorithms.
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Figure 1: An illustrative example of the stochastic team orienteering problem.
2.1 Recent Work on Simulation-based Optimization
In the field of urban transportation, it is usual the utilization of traffic simulation models to evaluate the
impact of changes in network design or network operations. This dynamic optimization problems, with time
dependent decision variables, have been addressed through the use of analytical dynamic traffic models
(mostly deterministic). Such models are based on an aggregate, low-resolution, description of traffic
dynamics. Although, computationally efficient to evaluate, these models lack a detailed description of
heterogeneous aspects, such as: traveler behavior, vehicle-infrastructure interactions, and traffic dynamics
observed in urban areas. A detailed description of these dynamics is provided by a high-resolution simulation
based traffic models. But, these simulators are computationally inefficient to evaluate, and the choice of
which simulation model to rely on, a part from how to combine their use, is complex. A larger-scale model
may, for instance, capture more accurately the local-global interactions; however, it would mean a higher
computational cost. Hence, their use to address optimization problems has been limited to the evaluation
of performance in small, set of predetermined alternatives (for instance, traffic management strategies).
In this regard, in Osorio and Selvam (2017) an optimization framework that enables multiple simulation
models to be jointly and efficiently is proposed. This is achieved through the combined use of multiple
stochastic traffic simulators. This permits to exchange the high computational costs of running accurate
large-scale simulators for those less accurate in a smaller scale. The proposed methodology is illustrated
with a signal control problem on both a small network example and on a city-scale network, and can identify
signal plans with good performance at a significantly lower computational cost than when systematically
running the accurate larger scale simulators. The methodology can enable the use of inefficient simulators
for real-time traffic control. Moreover, it constitute a first step toward the objective of combining different
types of simulation models to solve transportation optimization problems in a holistic manner.
In the same line in the urban transportation field, in Chong and Osorio (2017) a novel metamodel
method that addresses large-scale SBO problems with time-dependent decision variables (evening peak
period demand) is proposed. The model permits to enhance other algorithmic steps, such as sampling
strategies, and ranking and selection strategies to statistically compare the performance of multiple points.
Problems with simulation-based (i.e., stochastic) constraints require evaluating the feasibility of a point via
simulation. However, it cannot be guaranteed. Instead of, it can be tested statistically but at the computational
cost of obtaining an accurate estimate of the simulation-based constraints. Thus, this paper only considers
constraints that are available in analytical, rather than simulation-based form. In transportation, examples
of stochastic constraints would be, for instance, bounds on link or network performance metrics (e.g., travel
times, emissions, energy consumption). According to the authors, efficient algorithms for such problems
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are needed. So, the metamodel ideas of this paper could be used to formulate computationally efficient
algorithms for SBO problems with stochastic constraints.
For the last decades, multimodal freight transportation has become a key factor for the success of
service firms. Consequently, it is very common to combine multiple transportation modes such as railway,
roadway and waterway in order to improve the efficiency in containerized freight delivery. Hence, and
according to Wang and Wallas (2016), determining this optimal service schedule has become a fundamental
tactical planning problem. In this regard, Layeb et al. (2018) have presented a new simulation-based
optimization model for solving a deterministic optimization problem in a real-world case study. Although
within a higher computationally cost, the model provides the optimal freight service schedule found with
the analytical formulation. After that, the model was applied to solve complex stochastic network design
problem, by integrating demand and travel times stochasticity with the corresponding realistic continuous
distributions. Typical distribution shapes, commonly used in the transportation research field, such as
skewness and multimodality are also considered.
Feng et al. (2018) develop a multi-objective network layout optimisation model solved by an improved
Simulated Annealing Algorithm (SAAlg). The main objective is to coordinate inconsistent objectives in
transport network design (i.e., the minimization of the travel time of the passengers, as well as the costs for
construction and operations). The control variables work in cooperation in order to restart the optimum search
from the latest temporary optimal solution if the search is made excessively in any searching direction,
and are able to expand the searching area for the globally optimal network layout with the minimum
operation cost. The genetic algorithm is embedded into the reversible SAAlg to iteratively provide a
network configuration with the minimum operational cost, with the minimum total time expense of all the
transport modes. According to the authors, the proposed method can be used to optimize configurations not
only in urban transit lines for passenger mobility, but in logistics transportation routes for manufacturing
production management.
2.2 Recent Work on Simheuristics
In recent years, the work on simheuristic algorithms has focused on achieving a deeper integration between
the simulation and the heuristic components, as well as in enhancing the computing performance of the
integrated approach –which otherwise can be extremely demanding in terms of computing times. Hence, the
simulation component is not only employed after the optimization component with the goal of evaluating
the quality of the solution, but it is also used to provide feedback to the optimization process itself
(typically by using a stochastically-driven base solution from which new solutions are generated). Also,
both methodologies are combined to provide a risk or reliability analysis on a set of ‘elite’ solutions.
Thus, the uncapacitated facility-location problem with stochastic service costs is analyzed in De Armas
et al. (2017). First, the authors propose an extremely fast savings-based heuristic, which generates real-time
solutions for the deterministic version of the problem. This can be extremely useful in telecommunication
applications, where ‘good’ solutions are needed in just a few milliseconds for large-scale networks. The
heuristic is then integrated into an iterated local-search framework, which allows us to compare it against
state-of-the-art algorithms for the deterministic version. Finally, the metaheuristic is extended into a
simheuristic and employed to solve the stochastic variant. As pointed out by the authors, the simulation
layer is not only used to assess the stochastic value of the solutions generated by the iterated local search
component, but the feedback from the simulation is also used to better guide the search process. In particular,
the base solution inside the iterated local search is chosen according to the stochastic value provided by
the simulation. These authors also introduce a procedure that ‘filters out’ non-promising deterministic
solutions, so they are never sent to the simulation component to avoid an inefficient use of computing
time. Additionally, that paper also discusses the convenience of considering complementary goals to the
minimization of expected costs, e.g., solutions that minimize a given percentile, and solutions with different
trade-off levels of expected cost and variability.
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Similarly, Gruler et al. (2017b) discuss the need for optimizing urban waste collection in modern smart
cities and formulate the problem as an extension of the vehicle-routing problem. The authors first develop a
competitive metaheuristic, based on a variable neighborhood-search framework, to solve the deterministic
variant. Then, they extend their approach into a simheuristic to cope with unexpected waste levels inside the
containers. Their algorithm is tested using a large-scaled benchmark set for the waste-collection problem
with several realistic constraints. Their results include a risk analysis considering the variance of the waste
level and vehicle safety capacities. An extension of the previous waste-collection problem to a multi-depot
version is discussed in Gruler et al. (2017a), where horizontal cooperation strategies are employed to
enhance the quality of the solution in clustered urban areas and large cities. The authors employ an iterated
local-search metaheuristic to deal with the underlying multi-depot vehicle-routing problem. According to
their computational experiments, the use of horizontal cooperation among vehicles belonging to different
city districts (or even to different metropolitan areas) shows to be an effective strategy when dealing with
uncertainty in waste levels.
Gonzalez-Martin et al. (2018) propose a simheuristic algorithm for solving the arc-routing problem
with stochastic demands. Here, the authors use Monte Carlo simulation to extend the RandSHARP heuristic
(Gonzalez-Martin et al. 2012), which was originally designed to solve the deterministic version of the
problem. During the design of the routing plan, they make use of safety stocks, which allow vehicles to
deal with unexpectedly high demands during the actual distribution process. These authors also introduce a
reliability index to measure the ‘robustness’ of each solution with respect to possible route failures caused
by random demands. By ensuring solutions with high reliability levels, they reduce the the overall cost of
corrective actions associated with route failures.
Pages-Bernaus et al. (2019) consider a stochastic version of the capacitated facility-location problem,
proposing two facility-location models representing alternative distribution policies in e-commerce (outsourcing vs. in-house distribution). The models consider stochastic demands as well as more than one
regular supplier per customer. Then, two different methodologies are proposed to solve these models. While
the first one is a classical two-stage stochastic-programming approach (which employs an exact solver),
the second one is a simheuristic algorithm based on an iterated local-search framework. Computational
experiments show that the former can be used to tackle only small-sized instances, while the latter allows
dealing with large-scale instances in reasonably short computing times. The multi-period inventory-routing
problem with stochastic customer demands is analyzed by Gruler et al. (2020). A variable neighborhood
search is extended into a simheuristic algorithm to consider variations in the forecasted demands. With
the aim of finding optimal refill policies for each customer and period combination, the authors take into
account that the quantity serviced at the beginning of one period will affect the inventory levels at the
end of that period. These inventory levels will also be affected by the random demand associated with
each customer in that period. The total cost to be minimized will be the aggregation of both inventory
and routing costs. Notice that the interdependences between consecutive periods, due to the existence of
random demands, introduce additional complexities in the underlying optimization problem that can be
conveniently addressed by simulation.
3

ADDITIONAL DETAILS OF THE CONSIDERED PROBLEM

The TOP with stochastic travel times and maximum travel time per route is an extension of the deterministic
TOP, which is a NP-hard problem (Chao et al. 1996). Let us consider a directed graph G = (N, A), where:
(i) N = {0, 1, . . . , n + 1} is a set of n + 2 nodes including n customers as well as an origin depot (node 0) and
a destination depot (node n + 1); and (ii) A = {(i, j)/i, j ∈ N, i 6= j} is the set of arcs connecting the nodes.
A fleet of m homogeneous vehicles travels through the graph G visiting some of its nodes, starting from
the origin depot and finishing in the destination one. The first time a customer i is visited, a reward ui ≥ 0
is obtained (∀i = 1, 2, . . . , n). Thus, visiting a customer more than once will not pay off, since no additional
reward is gathered. The origin and destination depots have no associated rewards, i.e.: u0 = un+1 = 0.
In our stochastic version, each arc (i, j) ∈ A is associated with a random travel time, Ti j = T ji , which is
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assumed to follow a best-fit probability distribution. The total time employed in completing any route is
limited by a threshold value, tmax (e.g., the maximum duration of the batteries in case of electric vehicles or
the maximum number of hours a driver can work per day). Hence, the main goal is to find the m visiting
routes that maximize the expected aggregated reward. Since travel times are random, whenever a vehicle
cannot complete the designed route on or before the deadline, the reward collected so far in that route
is considered to be lost, i.e., we are assuming here that partial rewards obtained during a route are only
consolidated if the vehicle reaches the destination depot.
Based on the TOP formulation introduced by Poggi et al. (2010), a formal description of the objective
function and the hard constraints for the deterministic and stochastic versions of the problem is presented.
According to that, for each arc (i, j) ∈ A and each vehicle d ∈ {1, 2, . . . , m}, let us consider the binary
variable xidj , which takes the value 1 if vehicle d covers arc (i, j) and the value 0 otherwise. Likewise, let
d
us consider the binary variable y j , which takes the value 1 if customer j is visited (i.e., ∑m
d=1 ∑i6= j xi j ≥ 1),
and 0 otherwise. Notice that the actual reward collected from each node j is also a random variable named
U j = U j (xidj , Ti j ), which depends on whether j is visited by a vehicle d or not; and, if so, on whether the
route covered by vehicle d is completed before tmax or not. If the previous assumptions are not given, then
U j = 0. Thus, Equation (1) denotes the objective function to be maximized, where E[U j ] represents the
expected value of the U j random variable, and constraint (2) ensures the continuity of the routes.
m

max

∑ ∑ E[U j (xidj , Ti j )].
(i, j)∈A
i6= j

n

(1)

d=1

n+1

∑ xi,o,d =

i=0

1 ≤ o ≤ n, 1 ≤ d ≤ m.

∑ xo, j,d

(2)

j=1

Moreover, constraints (3) impose that the expected time in traversing any route does not exceed the
threshold (in the deterministic variant, this is a hard constraint, while in the stochastic one it becomes a
soft one that can be violated at the cost of losing the rewards in the associated route):

∑

xidj · E[Ti j ] ≤ tmax

1 ≤ d ≤ m.

(i, j)∈A

4

(3)

THE SAMPLE AVERAGE APPROXIMATION METHOD

As described in Verweij et al. (2003) and Kim et al. (2015), the SAA is a method that makes use of
Monte Carlo simulation for solving stochastic optimization problems. Thus, for instance, when optimizing
the expected value of a stochastic objective function, this objective function is approximated by a sample
average estimate which allows to solve the problem as a deterministic one. The process is repeated with
different samples to obtain candidate solutions along with statistical estimates of their optimality gaps.
In our case, the objective function represented in Equation (1) could be approximated by Equation (4):
max

1
w

n

w

∑ ∑ u j (xidj ,tilj ),

(4)

j=1 l=1

where w > 0 and (ti1j ,ti2j , . . . ,tiwj ) represents a random sample of the random variable Ti j , to generate an
equivalent random sample for U j .
Hence, while the optimization problem displayed in Equation (1) was stochastic, the approximately
equivalent one shown in Equation (4) is a deterministic optimization problem that can be solved using
classical optimization methods. In this paper, the commercial solver CPLEX (https://www.ibm.com/
analytics/cplex-optimizer) has been used to solve the deterministic optimization problem. Of course, the
quality of the approximation increases as the size of the random sample grows. Also, variance-reduction
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techniques can be employed here in order to reduce the sample size needed to achieve a specific level of
approximation quality (Anderson et al. 2006).
5

A BIASED-RANDOMIZED SIMHEURISTIC APPROACH

Simheuristics combine heuristics with simulation techniques that allows using the feedback from the
simulation to refine the setup of the heuristics. Apart from combining a metaheuristic framework with
Monte Carlo simulation (Juan et al. 2015), our simheuristic algorithm also employs biased-randomization
(BR) techniques (Grasas et al. 2017) in order to introduce a ‘slight’ random effect in the otherwise greedy
behavior of the base heuristic employed to construct routing plans. BR techniques have been successfully
applied in solving several optimization problems (Martin et al. 2016; Dominguez et al. 2016). The main
steps of our simheuristic algorithm are described next and summarized in Figure 2:
•

•

•

6

Firstly, an initial ‘dummy’ solution is built by constructing a route connecting each customer with
the origin and destination nodes. In order to merge some of these routes, so that a single vehicle
can visit more than one customer, a concept of ‘preference’ level is used: the time-based savings
generated by merging any two routes is given by the savings in time associated with completing the
merged route instead of the two original ones. This concept is extended to the concept of preference
level, which is a linear combination of time-based savings and accumulated reward. This concept
of preference level is used to generate a sorted list of potential merges, and these are completed
following the corresponding order, from higher to lower preference level. Also, a merge can be
completed only if the total expected time after the operation does not exceed the maximum time
allowed for any route.
Secondly, we employ BR techniques to transform the previously described heuristic into a probabilistic algorithm. Accordingly, an initial base solution is constructed by the BR algorithm. As
described in Juan et al. (2015), the expected reward provided by the base solution is estimated
using a Monte Carlo simulation simulation. Subsequently, the solution is enhanced employing
local search process. This process includes a destruction-reconstruction procedure as well as the
most commonly used neighborhood in the literature 2-opt local search. In the next step, each new
solution is compared against the current base and best solutions to update them if appropriate. The
search is interrupted after meeting the stopping criteria. This loop generates a set of ‘elite’ solutions
that show high expected rewards for the stochastic version of the TOP.
Finally, a more intensive simulation (one with a larger number of runs) is carried out over the
elite solutions in order to obtain more accurate estimates on their expected reward. The simulation
module relies on the following steps to assess the stochastic performance (travel time) of a given
solution: (i) using random sampling from the assigned probability distributions, it is possible to
run different executions of the routing plan in order to obtain random observations of the travel
time; (ii) from these random observations, different statistic measurements can be computed for
each routing plan, e.g.: average profit and variability of these profits.

COMPUTATIONAL EXPERIMENTS

The simheuristic algorithm was implemented in Java. The SAA method was compiled using the CPLEX
12.6 library. Both approaches were run on a computer with 64 GB of RAM and an Intel Xeon at 3.7 GHz.
A total of 1,000 scenarios were considered for the SAA method. In the case of the simheuristic, 200 runs
were employed for each of the fast simulations, while this value was increased to 1,000 runs for the more
intensive ones. Both the SAA method and the simheuristic algorithm are used to solve the stochastic version
of the TOP. With that purpose, we modified and extended the deterministic data sets proposed by Chao et al.
(1996), which include the small-size sets p.1, p.2, and p.3 (less than 35 nodes each) as well as mediumand large-sized sets p.4 to p.7 (ranging from 60 to over 100 nodes each). These sets were extended by
considering deterministic travel times as the expected values of random travel times following a Log-Normal
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probability distribution, which constitutes a ‘natural’ choice for modeling non-negative random variables.
Hence, ∀(i, j) ∈ A we assume that Ti j ∼ LogNormal(µi j , σi j ) with E[Ti j ] = ti j and Var[Ti j ] = c · ti j , being
c > 0 a design parameter that allows to consider different levels of uncertainty. In our case, we considered
three variance levels: low (c = 0.05), medium (c = 0.25), and high (c = 0.75). It is expected that as c
converges to zero, the results from the stochastic version converge to those obtained in the deterministic
scenario. Equations (5) define the Log-Normal behavior for a random variable Ti j :


Var[Ti j ]
1
,
µi j = ln (E[Ti j ]) − ln 1 +
2
E[Ti j ]2
s 

Var[Ti j ]
ln 1 +
.
σi j =
E[Ti j ]2

Figure 2: Visual overview of our simheuristic approach.
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Figure 3: A comparison of gaps w.r.t. the deterministic best-known solution.
7

ANALYSIS OF RESULTS

In our experiments, we consider the objective function value (the expected reward) and computational time
of a solution as the performance metrics for the SAA and the simheuristic algorithm. We observed that
after 100, 000 seconds the SAA method using CPLEX was only able to find solutions for the small-sized
instances (up to 35 nodes). On the contrary, the simheuristic algorithm was always able to find ‘good’
solutions in reasonably low computing times, regardless of the instance size. This constitutes an important
difference between both methodologies that needs to be considered by the decision maker whenever he
needs to design distribution plans for medium- and large-scale logistics networks. As shown in Figure 3,
the simheuristic algorithm provides better solutions (solutions with a lower expected time and a lower
variability) than the SAA approach.
According to Figure 4, it is clear that the simheuristic solutions are achieved in much lower computing
times than the ones associated with the SAA approach. This reinforces the idea that simheuristic algorithms
are not only able to solve large-sized instances in reasonable computing times, but that they do so in an
efficient way, i.e., providing highly-competitive results.
8

CONCLUSIONS

Simulation-optimization methods are powerful tools for solving stochastic optimization problems. Consequently, there is a large number of studies that focus their interest on modeling and tuning approximated
methods to solve such problems. So far, however, few papers have compared the sample average approximation (SAA) method with simheuristics. The team orienteering problem (TOP) with stochastic travel times
and a maximum duration per route has been used as a case study for such a comparison. The stochastic
version of the TOP has been addressed both using the sample average approximation (SAA) method as
well as a simheuristic algorithm. For numerical purposes, the Log-Normal probability distribution has
been employed to model the random travel times, but any other best-fit distribution could be used instead.
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Juan, Reyes-Rubiano, de la Torre, Panadero, Faulin, and Latorre

Figure 4: A comparison of computing times.
Our results suggest that stochastic programming methods like the SAA can efficiently solve small-scale
instances. However, they find severe difficulties as the instance size grows. On the contrary, simheuristics
can efficiently solve large-scale stochastic instances in low computing times. As a promising research line
for the future, we are interested in hybridizing concepts from both the SAA method and the simheuristics
problems related to transportation and logistics.
ACKNOWLEDGEMENTS
This work has been partially funded by the IoF2020 project of the European Union (grant agreement no.
731884) and by the Erasmus+ Program (2018-1-ES01-KA103-049767).
REFERENCES
Anderson, N. P., G. W. Evans, and W. E. Biles. 2006. “Simulation Optimization of Logistics Systems through the Use of
Variance Reduction Techniques and Criterion Models”. Engineering Optimization 38(04):441–460.
Chao, I.-M., B. L. Golden, and E. A. Wasil. 1996. “The Team Orienteering Problem”. European Journal of Operational
Research 88(3):464–474.
Chau, M., M. C. Fu, H. Qu, and I. O. Ryzhov. 2014. “Simulation Optimization: A Tutorial Overview and Recent Developments
in Gradient-Based Methods”. In Proceedings of the 2014 Winter Simulation Conference, edited by A. Tolk, S. Y. Diallo, I.
O. Ryzhov, L. Yilmaz, S. Buckley and J. A. Miller, 21–35. Piscataway, New Jersey: Institute of Electrical and Electronics
Engineers, Inc.
Chong, L., and C. Osorio. 2017. “Simulation-Based Optimization Algorithm for Dynamic Large-Scale Urban Transportation
Problems”. Transportation Science (3):1–20.
De Armas, J., A. A. Juan, J. M. Marquès, and J. P. Pedroso. 2017. “Solving the Deterministic and Stochastic Uncapacitated Facility
Location Problem: From a Heuristic to a Simheuristic”. Journal of the Operational Research Society 68(10):1161–1176.
Dominguez, O., D. Guimarans, A. A. Juan, and I. de la Nuez. 2016. “A Biased-Randomised Large Neighbourhood Search for the
Two-Dimensional Vehicle Routing Problem with Backhauls”. European Journal of Operational Research 255(2):442–462.

1915

Juan, Reyes-Rubiano, de la Torre, Panadero, Faulin, and Latorre
Faulin, J., M. Gilibert, A. A. Juan, X. Vilajosana, and R. Ruiz. 2008. “SR-1: A Simulation-Based Algorithm for the Capacitated
Vehicle Routing Problem”. In Proceedings of the 2008 Winter Simulation Conference, edited by S. J. Mason, R. R. Hill,
L. Mönch, O. Rose, T. Jefferson, and J. W. Fowler, 2708–2716. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.
Faulin, J., and A. A. Juan. 2008. “The ALGACEA-1 Method for the Capacitated Vehicle Routing Problem”. International
Transactions in Operational Research 15(5):599–621.
Feng, X., Z. Ruan, X. Zhu, and L. Zhang. 2018. “Multi-Objective Transport Network Design with a Reversible Simulated
Annealing Algorithm”. Advances in Production Engineering and Management 13(4):49–491.
Ferone, D., A. Gruler, P. Festa, and A. A. Juan. 2019. “Enhancing and Extending the Classical GRASP Framework with Biased
Randomisation and Simulation”. Journal of the Operational Research Society 70(8):1362–1375.
Fu, M. C. 2002. “Optimization for Simulation: Theory vs. Practice”. INFORMS Journal on Computing 14(3):192–215.
Fu, M. C., F. W. Glover, and J. April. 2005. “Simulation Optimization: A Review, New Developments, and Applications”. In
Proceedings of the 2005 Winter Simulation Conference, edited by M. E. Kuhl, N. M. Steiger, F. B. Armstrong and J. A.
Joines, 83–95. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.
Glover, F., J. P. Kelly, and M. Laguna. 1999. “New Advances for Wedding Optimization and Simulation”. In Proceedings of
the 1999 Winter Simulation Conference, edited by P. A. Farrington, H. B. Nembhard, D. T. Sturrock, and G. W. Evans,
Volume 1, 255–260. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.
Gonzalez-Martin, S., A. A. Juan, D. Riera, Q. Castella, R. Munoz, and A. Perez. 2012. “Development and Assessment of the
SHARP and RandSHARP Algorithms for the Arc Routing Problem”. AI Communications 25(2):173–189.
Gonzalez-Martin, S., A. A. Juan, D. Riera, M. G. Elizondo, and J. J. Ramos. 2018. “A Simheuristic Algorithm for Solving
the Arc Routing Problem with Stochastic Demands”. Journal of Simulation 12(1):53–66.
Grasas, A., A. A. Juan, J. Faulin, J. de Armas, and H. Ramalhinho. 2017. “Biased Randomization of Heuristics using Skewed
Probability Distributions: A Survey and Some Applications”. Computers & Industrial Engineering 110:216–228.
Grasas, A., A. A. Juan, and H. R. Lourenço. 2016. “SimILS: A Simulation-Based Extension of the Iterated Local Search
Metaheuristic for Stochastic Combinatorial Optimization”. Journal of Simulation 10(1):69–77.
Gruler, A., C. Fikar, A. A. Juan, P. Hirsch, and C. Contreras. 2017a. “Supporting Multi-Depot and Stochastic Waste Collection
Management in Clustered Urban Areas via Simulation-Optimization”. Journal of Simulation 11(1):11–19.
Gruler, A., J. Panadero, J. de Armas, J. A. Moreno-Perez, and A. A. Juan. 2020. “A Variable Neighborhood Search Simheuristic
for the Multi-Period Inventory Routing Problem with Stochastic Demands”. International Transactions in Operational
Research 27(1):314–335.
Gruler, A., C. L. Quintero, L. Calvet, and A. A. Juan. 2017b. “Waste Collection under Uncertainty: A Simheuristic Based on
Variable Neighbourhood Search”. European Journal of Industrial Engineering 11(2):228–255.
Gunawan, A., K. M. Ng, G. Kendall, and J. Lai. 2018. “An Iterated Local Search Algorithm for the Team Orienteering Problem
with Variable Profits”. Engineering Optimization 50(7):1148–1163.
Jian, N., and S. G. Henderson. 2015. “An Introduction to Simulation Optimization”. In Proceedings of the 2015 Winter
Simulation Conference, edited by L. Yilmaz, W. K. V. Chan, I. Moon, T. M. K. Roeder, C. Macal and M. D. Rossetti,
1780–1794. Piscataway, New Jersey: Institute of Electrical and Electronics Engineers, Inc.
Juan, A. A., J. Faulin, S. E. Grasman, M. Rabe, and G. Figueira. 2015. “A Review of Simheuristics: Extending Metaheuristics
to deal with Stochastic Combinatorial Optimization Problems”. Operations Research Perspectives 2:62–72.
Juan, A. A., J. Faulin, R. Ruiz, B. Barrios, M. Gilibert, and X. Vilajosana. 2009. “Using Oriented Random Search to Provide a
Set of Alternative Solutions to the Capacitated Vehicle Routing Problem”. In Operations Research and Cyber-Infrastructure,
edited by J. W. Chinneck, B. Kristjansson, and M. J. Saltzman, 331–345. New York: Springer.
Juan, A. A., W. D. Kelton, C. S. Currie, and J. Faulin. 2018. “Simheuristics Applications: Dealing with Uncertainty in Logistics,
Transportation, and other Supply Chain Areas”. In Proceedings of the 2018 Winter Simulation Conference, edited by M.
Rabe, A. A. Juan, N. Mustafee, A. Skoogh, S. Jain and B. Johansson, 3048–3059. Piscataway, New Jersey: Institute of
Electrical and Electronics Engineers, Inc.
Kim, S., R. Pasupathy, and S. G. Henderson. 2015. “A Guide to Sample Average Approximation”. In Handbook of Simulation
Optimization, edited by M. C. Fu, 207–243. New York: Springer.
Kleywegt, A. J., A. Shapiro, and T. Homem-de Mello. 2002. “The Sample Average Approximation Method for Stochastic
Discrete Optimization”. SIAM Journal on Optimization 12(2):479–502.
Layeb, S. B., A. Jaoua, A. Jbira, and Y. Makhlouf. 2018. “A Simulation-Optimization Approach for Scheduling in Stochastic
Freight Transportation”. Computers & Industrial Engineering 126:99–110.
Lucas, T. W., W. D. Kelton, P. J. Sanchez, S. M. Sanchez, and B. L. Anderson. 2015. “Changing the Paradigm: Simulation,
now a Method of First Resort”. Naval Research Logistics 62(4):293–303.
Martin, S., D. Ouelhadj, P. Beullens, E. Ozcan, A. A. Juan, and E. K. Burke. 2016. “A Multi-Agent Based Cooperative
Approach to Scheduling and Routing”. European Journal of Operational Research 254(1):169–178.

1916

Juan, Reyes-Rubiano, de la Torre, Panadero, Faulin, and Latorre
Osorio, C., and K. K. Selvam. 2017. “Simulation-Based Optimization: Achieving Computational Efficiency through the Use
of Multiple Simulators”. Transportation Science 51(2):395–411.
Pages-Bernaus, A., H. Ramalhinho, A. A. Juan, and L. Calvet. 2019. “Designing E-Commerce Supply Chains: A Stochastic
Facility-Location Approach”. International Transactions in Operational Research 26(2):507–528.
Poggi, M., H. Viana, and E. Uchoa. 2010. “The Team Orienteering Problem: Formulations and Branch-Cut and Price”. In
Proceedings of the 10th Workshop on Algorithmic Approaches for Transportation Modelling, Optimization, and Systems,
September 9th , Liverpool, UK, edited by T. Erlebach and M. Luebbecke, 142–155, doi:10.4230/OASIcs.ATMOS.2010.142.
Shapiro, A. 1996. “Simulation Based Optimization”. In Proceedings of the 1996 Winter Simulation Conference, edited by
D. T. B. J. M. Charnes, D. J. Morrice and J. J. Swain, 332–336. Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.
Verweij, B., S. Ahmed, A. J. Kleywegt, G. Nemhauser, and A. Shapiro. 2003. “The Sample Average Approximation Method
Applied to Stochastic Routing Problems: A Computational Study”. Computational Optimization and Applications 24(23):289–333.
Wang, X. and S. W. Wallas. 2016. “Stochastic Scheduled Service Network Design in the Presence of a Spot Market for Excess
Capacity”. EURO Journal on Transportation and Logistics 5(4):393–413.

AUTHOR BIOGRAPHIES
ANGEL A. JUAN is a Full Professor of Operations Research & Industrial Engineering in the Computer Science Dept. at
the Universitat Oberta de Catalunya (Barcelona, Spain). Dr. Juan holds a Ph.D. in Industrial Engineering and an M.Sc.
in Mathematics. He completed a predoctoral internship at Harvard University and postdoctoral internships at Massachusetts
Institute of Technology and Georgia Institute of Technology. His main research interests include applications of simheuristics
and learnheuristics in computational logistics and finance. He has published more than 80 articles in JCR-indexed journals.
His website address is http://ajuanp.wordpress.com and his email address is ajuanp@uoc.edu.
LORENA S. REYES-RUBIANO is a PostDoc Researcher at the Public University of Navarre. She holds a MSc in Operations
Management and a PhD in Mathematics and Statistics (Public University of Navarre). Her work is related to the application
of operations research and simulation techniques to solve combinatorial optimization problems in logistics and transportation.
Her email address is lorena.reyes@unavarra.es.
ROCIO DE LA TORRE is an Assistant Professor in the Department of Business Management at the Public University of
Navarre (Spain). She is also a researcher from INARBE-Institute for Advanced Research in Business and Economics. She
holds a Ph.D. and a Bachelor Degree in Industrial Engineering from the Universitat Politécnica de Catalunya. Her major
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