
 
Universidad de los Andes 

Sede Caribe 
 

https://mic2019.uniandes.edu.co/ 
 
 

SPONSORS 
 
 

  

 
 

 

 

  

https://mic2019.uniandes.edu.co/
https://mic2019.uniandes.edu.co/


 

 
 

 
 
 

  

XIII Metaheuristics International Conference 
MIC 2019 

 
 
 

 
 
 
 
 
 
 

BOOK OF ABSTRACTS 
 
 
 
 
 
 

Cartagena (Colombia) – July 28-31, 2019 
 



 

 
 

MIC STEERING COMMITTEE 

Fred Glover University of Colorado and OptTek Systems (USA) 
Celso Ribeiro Universidade Federal Fluminense (Brazil) 

Éric Taillard University of Applied Sciences of Western Switzerland (Switzerland) 

Stefan Voss University of Hamburg (Germany) 

 

ORGANIZING COMMITTEE 
 
Andrés L. Medaglia Universidad de los Andes (Colombia) – Chair 
Alfaima L. Solano blanco Universidad de los Andes (Colombia)  
Vanina Jacob Dávila Universidad de los Andes (Colombia)  
John William Rodríguez Universidad de los Andes (Colombia)  
Julián Organista Universidad de los Andes (Colombia)  
Alejandro Palacio Álvarez Universidad de los Andes (Colombia)   
Marcelo Botero Gómez  Universidad de los Andes  (Colombia)  
Samuel Rodríguez  Universidad de los Andes (Colombia)   
Sebastián Castellanos  Universidad de Antioquia (Colombia)   
Freddy Orozco Universidad de los Andes (Colombia)  
Web Site Design   
Wendy Kryx Gomez Aldana Universidad de los Andes (Colombia)   
 
PROGRAM COMMITTEE 
 
Andrés L. Medaglia Universidad de los Andes (Colombia)  Co-Chair 
Jorge E. Mendoza HEC Montréal (Canada) Co-Chair 
Rubén Ruiz Universitat Politècnica de València (Spain) Co-Chair  
Juan G. Villegas Universidad de Antioquia (Colombia) Co-Chair 
  
David Álvarez Martínez Universidad de los Andes (Colombia) 
Ramón Álvarez-Valdés Universitat de València (Spain) 
Lionel Amodeo Université de Technologie de Troyes (France) 
Christian Blum Universitat Autònoma de Barcelona (Spain) 
Luciana Buriol Universidade Federal do Rio Grande do Sul (Brazil) 
Marco Caserta IE University (Spain) 
Jean-François Cordeau HEC Montréal (Canada) 
Mauro Dell'Amico Università degli Studi di Modena e Reggio Emilia (Italy) 
Karl Dörner Universität Wien (Austria) 
Abraham Duarte Universidad Rey Juan Carlos (Spain) 
Rachid Ellaia Mohammed V University (Morocco) 
Javier Faulin Universidad Pública de Navarra (Spain) 
Paola Festa Università degli Studi di Napoli (Italy) 
Andreas Fink Helmut-Schmidt-Universität Hamburg (Germany) 
Frederic Gardi LocalSolver (France) 
Martin Josef Geiger Helmut-Schmidt-Universität Hamburg (Germany) 
Michel Gendreau École Polytechnique de Montréal (Canada) 
Bruce Golden University of Maryland (United States) 



 

 
 

José Luis González-Velarde Instituto Tecnológico de Monterrey (Mexico) 
Peter Greistorfer Karl-Franzens-Universität Graz(Austria) 
Saïd Hanafi Université Polytechnique des Hauts-de-France (France) 
Jin-Kao Hao Université d'Angers (France) 
Geir Hasle SINTEF (Norway) 
Johann Hurink University of Twente(Netherlands) 
Laetitia Jourdan University of Lille 1, INRIA Lille (France) 
Ángel A. Juan Universitat Oberta de Catalunya (Spain) 
Graham Kendall University of Nottingham (United Kingdom) 
Rhyd Lewis Cardiff University (United Kingdom) 
Vittorio Maniezzo Università di Bologna (Italy) 
Rafael Martí Universitat de València (Spain) 
Simone Martins Universidade Federal Fluminense (Brazil) 
Antonio Mauttone Universidad de la República (Uruguay) 
Kaisa Miettinen University of Jyväskylä (Finland) 
Nenad Mladenovic Serbian Academy of Sciences and Arts (Serbia) 
Jairo Montoya-Torres Universidad de la Sabana (Colombia) 
Nysret Musliu Technische Universität Wien (Austria) 
Frank Neumann University of Adelaide (Australia) 
José Fernando Oliveira Universidade do Porto / INESC TEC (Portugal) 
Ibrahim Osman American University of Beirut (Lebanon) 
Mario Pavone Università degli Studi di Catania (Italy) 
Erwin Pesch Universität Siegen (Germany) 
Jean-Yves Potvin Université de Montréal (Canada) 
Christian Prins Université de Technologie de Troyes (France) 
Jakob Puchinger SystemX / CentraleSupélec (France) 
Guenther Raidl Technische Universität Wien (Austria) 
Helena Ramalhinho Lourenço Universitat Pompeu Fabra (Spain) 
Andreas Reinholz German Aerospace Center (Germany) 
Mauricio Resende Amazon (USA) 
Celso Ribeiro Universidade Federal Fluminense (Brazil) 
Roger Z. Ríos Mercado Universidad Autónoma de Nuevo León (Mexico) 
Luiz Satoru Ochi Universidade Federal Fluminense (Brazil) 
Andrea Schaerf Università degli Studi di Udine (Italy) 
Marc Sevaux Université de Bretagne-Sud (France) 
Patrick Siarry Université Paris-Est Créteil (France) 
Thomas Stützle Université Libre de Bruxelles (Belgium) 
Anand Subramanian Universidade Federal da Paraíba (Brazil) 
El-Ghazali Talbi University of Lille (France) 
Michael Trick Carnegie Mellon University (United States) 
Tommaso Urli Satalia (UK) 
Pascal Van Hentenryck Georgia Institute of Technology (United States) 
Ana Viana INESC TEC Porto (Portugal) 
Mutsunori Yagiura Nagoya University (Japan) 
Farouk Yalaoui Université de Technologie de Troyes (France) 
Nicolas Zufferey Université de Genève (Switzerland) 



Table of contents

A GRASP metaheuristic for a districting problem arising in urban distribution . 5

A practical application of a long haul freight transportation problem with tran-
shipments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

A simulated annealing approach to the combined maintenance routing optimiza-
tion problem for vehicles subject to failures . . . . . . . . . . . . . . . . . . . . . 13

An iterated local search algorithm for solving a practical rich location routing
problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

The Magnifying Glass Heuristic for the Generalized Quadratic Assignment Problem 22

A heuristic for the minimum cost chromatic partition problem . . . . . . . . . . . 27

An optimization and pattern mining based approach for solving the RCPSP . . . 31

Adaptative Bacterial Foraging Optimization for Solving the Multi-Mode Resource
Constrained Project Scheduling Problem . . . . . . . . . . . . . . . . . . . . . . . 35

A Harmony Search Approach for A Dynamic Cell Formation Problem . . . . . . 39

Complex Production Scheduling: case studies from various industries . . . . . . . 43

Revisiting the Set k-Covering Problem . . . . . . . . . . . . . . . . . . . . . . . . 47

A sim-heuristic approach for the 3D irregular packing problem . . . . . . . . . . 50

An exact and heuristic approach for the sequencing cutting problem . . . . . . . 54

A Hybrid Decision Support System for Supplier Selection: An integration of
Simheuristics and MCDM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

1



Minimization of the picking time of a warehouse in the Batch Assignment and
Sequencing problem with a simulation model . . . . . . . . . . . . . . . . . . . . 63

A matheuristic for order picking problems in e-commerce warehouses . . . . . . . 67

Internal Logistics Routing Optimization . . . . . . . . . . . . . . . . . . . . . . . 71

A Heuristic Oriented Racing Algorithm for the Fine-tuning of Metaheuristics . . 76

Evaluation of Objective Function Designs Through an Auxiliary Heuristic Scheme 80

Deterministic Multi-Objective Fractal Decomposition Algorithm . . . . . . . . . 84

A task planning problem in a home care business . . . . . . . . . . . . . . . . . . 88

A solution approach to the multi activity combined timetabling and crew schedul-
ing problem considering a heterogeneous workforce with hierarchical skills and
stochastic travel times . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

A Scalable Method to solve the Call Center Staffing with Service-Level Agreement
under Uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

An hybrid VNS and Mathematical ProgrammingAlgorithm for a Public Bicycles-
Sharing System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

Nested genetic algorithm to collaborative school buses routing problem . . . . . . 105

An Effective Tabu Search Method with a Limited Search Space for Carpooling
Optimization Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

A matheuristic for the multi-period electric vehicle routing problem . . . . . . . 113

A matheuristic framework for profitable tour problem with electric vehicles and
mandatory stops . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

An n log n Heuristic for the TSP . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

Optimization of Synchronizability in Power Grids Using a Second-order Kuramoto
Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

Planning of ‘last-mile’ delivery for a Colombian dairy company using a biased-
randomized multi-start algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

Cuckoo Search Algorithms for the Cardinality Portfolio Optimization Problem . 133

2



Algorithms the min-max regret 0-1 Integer Linear Programming Problem with
Interval Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

Iterated Local Search for the Periodic Location Routing Problem with Fixed
Customer-Depot Assignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

A heuristic approach for the combined inventory routing and crew scheduling
problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

A Biased Random Key Genetic Algorithm for the Flexible Job Shop problem with
Transportation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

Memory and feasibility indicators in GRASP for Multi-Skill Project Scheduling
with Partial Preemption . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

The Flexible Job Shop Scheduling Problem with Non-Fixed Availability Con-
straints: a Late-Acceptance Hill Climbing Approach . . . . . . . . . . . . . . . . 157

A Multi-Objective Variable Neighbourhood Search for the Beam Angle Selection
Problem in Radiation Therapy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

A Metaheuristic Approach for Correlated Random Vector Generation . . . . . . 165

Extended Solution for the Team Selection Problem Using ACO . . . . . . . . . . 169

The Sustainable Store Selection and VRP: a Math-Heuristic Approach and User
Application . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

Bi-Objective CVRP solved using a novel metaheuristic ILS Based on Decomposition183

Applying Speed-Up Techniques to Local Search and Solving the Traveling Sales-
man Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

A vehicle routing problem with periodic replanning . . . . . . . . . . . . . . . . . 191

An Iterated Greedy Heuristic for the Minimum-Cardinality Balanced Edge Ad-
dition Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196

A GRASP with path-relinking heuristic for the prize-collecting generalized mini-
mum spanning tree problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

3



4



MIC 2019  id-1 

 

Cartagena, July 28-31, 2019 

 A GRASP metaheuristic for a districting problem arising 

in urban distribution  
Andrés Tejada, Olga Usuga, Juan G. Villegas

1
, 

 

1 Universidad de Antioquia 

Calle 70 No. 52 – 21. 050010, Medellin, Colombia 
omar.tejada@udea.edu.co, olga.usuga@udea.edu.co , juan.villegas@udea.edu.co 

Abstract 

This paper presents a simple greedy randomized adaptive search procedure (GRASP) embed-

ded in a decision support system for the design of delivery districts in urban distribution. The pro-

posed GRASP aims at balancing the workload of delivery routes by considering both the travel 
time within customers and the service time at the customers. To compute travel times we use a 

continuous approximation of the length of a travelling salesman tour for each district. Computa-

tional experiments, with the data of a major Colombian company serving hundreds of stores a day, 

reveal a potential reduction of the workload imbalance of their routes by more than 50%. 

1 Introduction 

Urban distribution/City logistics is about finding efficient and effective ways to transport goods 

in urban areas while taking into account the negative effects on congestion, safety, and envi-

ronment.[1]. Urban distribution in emerging markets faces additional challenges due to the important 

market share of the traditional channel. This channel comprises family owned business that range from 
mini-stores (15-40 sq. ft. of store surface) to nano-stores (less than 15 sq. ft. of store surface) and street 

carts [2]. While planning the distribution process to these stores theirs suppliers (dairy, food, and soft-

drink producers among others) have to partition the stores into territories or districts in order to assign 
their marketing (sellers) and delivery (trucks) resources efficiently [3]. In this work we describe the 

metaheuristic embedded in a decision support system employed by a major Colombian food company 

for the districting of their customers.  

1.1 The districting problem  

The company under study serves hundreds of customers (modern retail stores, mini- and nano-stores) 

a day in all major Colombian cities. In their tactical planning process, they solve a districting problem 
(DP) that aims to have an even workload for the crews assigned to their delivery territories. The DP 

they solve can be defined as follows. Given a set of customers 𝒞, each one with a service time 

𝑡𝑖 , (𝑖 ∈ 𝒞), and a set of districts 𝒦,. DP assigns each customer to one and only one delivery district, by 

partitioning the set of customers into |𝒦| disjoint subsets. Binary variables 𝑥𝑖𝑘 , 𝑖 ∈ 𝒞, 𝑘 ∈  𝒦 define 

such partitioning (𝑥𝑖𝑘 = 1,.if customer 𝑖 is assigned to district 𝑘 and 𝑥𝑖𝑘 = 0, otherwise). Using these 

variables, the workload for a given district 𝑘 is defined by equation (1). The first term of this equation 

takes into account the total service time whereas the second term (𝑡𝑡(𝑘)), corresponds to the approxi-

mation of the total travel time of the route serving customers on district 𝑘. 

𝑤𝑘 = ∑ 𝑡𝑖𝑥𝑖𝑘

𝑖∈𝒞

+ 𝑡𝑡(𝑘), ∀𝑘 ∈ 𝒦  

 

(1) 

Following, the approach proposed in [4], we use the classical Beardwood–Halton–Hammersley 
formula to calculate the expected travel time of the tour serving the customers assigned to a district 

[5]. Then, given the number of customer assigned to the district (𝑛𝑘) and the area of the district (𝐴𝑘), 

equation (2) defines the value of 𝑡𝑡(𝑘). In this expression, 𝛽 is a constant that we calculate empirically 
using the data from the company.  

𝑡𝑡(𝑘) ≈ 𝛽√𝐴𝑘𝑛𝑘 , (2) 

Finally, the proposed DP seeks to minimize a composite objective function with two terms: (i) the 
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average workload (𝑤 =
∑ 𝑤𝑘𝑘∈𝒦

|𝒦|
), and the average absolute deviation with respect to 𝑤 (Δ =

∑ |𝑤𝑘−𝑤)|𝑘∈𝒦

|𝒦|
). 

2 A GRASP for districting stores in urban distribution  

Districting problems have been studied in different applications ranging from political districting, to 

sales territory design [6]. To solve these problems the preferred solution methods are metaheuristics, 
including adaptive large neighborhood search [4], tabu search [7], greedy randomized adaptive search 

procedures (GRASP) [8], among others. In view of that, to solve the DP we implemented a simple 

GRASP [9] comprising a greedy randomized construction phase (BuildDistricts) and a local 

search phase (ImproveDistricts) that repeat over T iterations. These two phases aim at generating 

compact districts with a balanced workload between delivery districts. 

2.1 Greedy randomized construction  

The construction phase seeks to create compact districts taking into account only the service time of 

the customers assigned to them. To do so, procedure BuildDistricts creates districts sequentially 

using a simple nearest neighbor heuristic. To build a district, it first selects a random seed customer 
and then adds the unassigned customer that is closer to the centroid of the district. The insertion of 

customers in the district iterates until its cumulative service time exceeds the ideal value 𝑡 =
∑ 𝑡𝑖 𝑖∈𝒞

|𝒦|
. 

Note that each time a customer is assigned to a district, the procedure BuildDistricts updates the 

set of unassigned customers, the centroid of the district and its cumulative service time. Once 𝑡 is sur-
passed, this procedure closes the current district and selects randomly an unassigned seed customer to 

build a new district. The construction phase stops once |𝒦| districts has been created. In the last dis-

trict, the procedure ignores the limit 𝑡 and assigns all remaining unassigned customers.   

2.2 Local search  

In the local search phase, we use equation (2) to update the workload of each district by considering 

the second term of equation (1) (i.e., its travel time). Then, in a greedy fashion procedure Im-

proveDistricts selects the district 𝑘′ with the maximum deviation to 𝑤 and tries to reduce the 

difference. If 𝑤𝑘′ < 𝑤, the procedure select the customer 𝑐′ not assigned to district 𝑘′ that is closer to 

it centroid and reassigns this customer to it. On the other hand, if 𝑤𝑘′ > 𝑤, the procedure takes the 

customer 𝑐′ assigned to 𝑤𝑘′ that is farther to its centroid and reassigns it to another district. When reas-

signing 𝑐′ the procedure selects the closer district (i.e., the district different from 𝑘′ with the closest 

centroid). In the local search phase we implement a nonmonotone GRASP [10], therefore Im-

proveDistricts stops after u non-improving movements.  

3 Case study results 

The proposed GRASP has been implemented using Visual Basic for Applications (VBA) and is em-
bedded in a decision support system with Excel as main user interface. To calculate the relevant geo-

graphic information of the customers and to display the results we use their Microsoft Power Maps 

extension. A run of the proposed GRASP takes about five minutes to obtain a solution in a standard 
desktop computer. To evaluate the effectiveness of our GRASP, we compared the current districting of 

the company with respect to the one obtained with the proposed approach in a small Colombian city 

with 800 customers (stores). The current districting of the company is mainly obtained using the Net-

work Analyst toolbox for ArcGIS to obtain compact districts but ignoring the balancing of the work-
loads. Table 1 summarizes the results of this comparison. The table presents the values in minutes for 

𝑤 and Δ.  To illustrate the improvement in the work balance it also presents the maximum deviations 

above (Δ+) and below (Δ−) 𝑤, and the range (𝑅𝑤 = Δ+ + Δ−) of 𝑤𝑘 over all districts. Using a GRASP 

for the districting of the company reduced the average absolute deviation of the workload by 55.5%, 
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from 63 minutes to 28 minutes, a similar improvement is achieved (54.8%) if the imbalance is meas-

ured using 𝑅𝑤 (i.e., the range of the workloads).  
Moreover, Figure 1 illustrates the districts obtained with the proposed approach showing that this solu-

tion has a better workload balance without losing the compactness of the districts. Additional results in 
a test instance from a larger city with 3000 customers will be presented at the conference.  

 

Performance measure (minutes) 

𝒘  𝚫  𝚫+  𝚫−  𝑹𝒘  

 Company 496 63 67 57 124 

GRASP 491 28 23 33 56 

Improvement  1.0% 55.5% 65.7% 42.1% 54.8% 

Table 1: Comparison of the GRASP results with the districting of the company in a small 

city  

 

Figure 1. Delivery districts for a small city with 800 customers 
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Extended abstract 

1 Introduction 

The increase of free trade agreements between nations and the formation of transnational trading blocs 

have increased the pressure over transportation systems. As stated by the Commission of the European 

Communities, costs such as transport and storage represent 10-15% of the final cost of a finished product 

[2]. Transportation systems are involved in virtually all products and services produced in the economy 

[4], doubling their energy use in the last 30 years [3] and being responsible for approximately 62% of 

the world oil consumption [6]. According to the International Energy Agency, if no more policies are 

adopted to support efficiency, the global transport sector could increase its energy consumption up to 

70% by 2050, showing the great importance of transportation related activities [3].  

Despite all the economic benefits generated by international free trade agreements, they put an 

enormous pressure over logistic operators, particularly long-haul freight transportation carriers. For 

these companies the challenges imposed by long-distance trips, strict time windows, location and relo-

cation of vehicle fleets, the differences among transportation regulations between countries, the use of 

transshipments operations across borders and a fierce competition, entails the search, development and 

application of methods and techniques for strategic planning and operational efficiency. Therefore, the 

main objective of this paper is the development of a solution approach for a real transnational, cross-border, 

long-haul problem for a transportation carrier in Colombia, Latin America. 

2 Problem statement 

This work faces a long-haul, transnational, cross-border transportation problem with transshipments ap-

plied to a transportation carrier in Colombia, Latin America. The case study company has a combination 

of challenges that are still rare in the literature, such as time windows, a vast fleet and different transport 

regulations between different countries. The problem involves a combination of different variants of the 

Vehicle Routing Problem (VRP), including the Pickup and delivery problem (PDVRP), the Vehicle 

Routing Problem with Time Windows (VRPTW), the Heterogeneous Fleet Vehicle Routing Problem 

(HFVPR), the Multi Depot Vehicle Routing Problem (MDVRP), the Vehicle Routing Problem with 

Backhauls (VRPB) and the Roll-on Roll-off Vehicle Routing Problem (RRVRP). 

 

The problem consists on different sets of tractors and trailers sparsed in predefined in road network. 

This is the main difference with classical VRP’s, where the whole fleet is located at a single depot. The 

objective is to pick-up an order request from one location and deliver it to another location. An order 

consists in the transportation of a specified freight which must be fitted in a predetermined tractor size. 

The different tractor types and trailers are indicated in Table 1 and Table 2. A tractor may need a trailer 
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or can be a rigid tractor (no trailer needed). The trailers can be wooden, cabined or flat beds. When a 

customer submits a request, it specifies the pickup and delivery locations, and a pickup time window. A 

tractor type is assigned to the request and a transshipment (if necessary) and pickup and delivery paths 

are known in advance. From this point several options are available. 

 
Table 1. Types of tractors.                       Table 2. Types of trailers  

 

 

The objective is to reduce the number of empty vehicle journeys for both third party and company owned 

resources, achieving a greater loyalty of vehicle owners to the transport company since is one of the 

most significant resources that impacts transportation carriers in Colombia. Different constraints are 

represented by the diversity of regulations between countries that directly affect the transportation ser-

vice like: difference in weight limit, Enabling transit of vehicles and trailers, Modalities of transport - 

Border crossing (Transfer, Transshipment, Direct). 

3 Solution method  

The problem is solved using a combination of strategies: simulation and a metaheuristic. The metaheu-

ristic was tested using two heuristics to generate initial feasible solutions. This method generated better 

solutions than the method applied by the carrier, showing that significant gains can be obtained. The 

solution is divided in two stages: an initial stage generates feasible solutions using a combination of 

random generation with a nearest neighbor algorithm, assigning requests to resources (tractors and trail-

ers). The second stage uses the result of the first stage as the initial solution and applies Simulated 

Annealing (SA) [5] with a combinatorial function. Its objective is to minimize the total empty distance 

in the planning horizon by selecting the best feasible solution. Figure 1 shows the procedure graphically. 

 

 

                                                      
1 Despite this is a tractor with a trailer it is treated as rigid since the trailer and the tractor cannot decouple. 

Tractor Type 
Capacity 

(ton) 

Trailer  

enabled  

Rigid 

Box tractor (2 axle) 5 No 

Single tractor (2 axle) 8 No 

Double trailer1 (5 axle) 17 No 

Tractor 
Tractor (2 axle) 18 Yes 

Tractor (3 axle) 35 Yes 

Trailer type Compatibility 

Wooden trailer 
Tractor (2 axle) 

Tractor (3 axle) 

Cabined 
Tractor (2 axle) 

Tractor (3 axle) 

Flat bed 
Tractor (2 axle) 

Tractor (3 axle) 

Stage 1 (Initial Solution) 

Step 1: 

   

 

Step 2:  

  

Read input: Instance database 

Generate initial solution 

Random generation solution  

𝐒𝐭𝐚𝐠𝐞 𝟐 (𝐌𝐞𝐭𝐚𝐡𝐞𝐮𝐫𝐢𝐬𝐭𝐢𝐜 𝐒𝐀) 

Step 3: 

 

 
 

 Step 4: 

 

Parameter reading SA 
 

1. Generate new solution  

 

2. Evaluate new solution Vs initial  
 

3. Print the best solution  

 

Figure 1. Illustration of the solution procedure. 
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4 Results 

We applied the proposed algorithm to a real-world problem from the carrier company with 364 service 

requests with pickup and deliveries in two countries. The original fleet capacity consists of tractors and 

trailers sparse across the transportation network. The algorithm was implemented on Visual Basic for 

Applications with Ms Excel in an intel core i5 with 8GB of Ram. Using the simulation, we found the 

baseline value of the objective function to be 125,727 total empty km travelled. We then used our solu-

tion approach with the initial random with nearest neighbor algorithm obtaining a total empty travelled 

distance of 90,857 km (a 27.4% reduction). The algorithm found 3,599 solutions before reaching the 

best value of the objective function. The total computation time was 5.2 hours (18,694 seconds). 

 

Keywords: metaheuristics, simulation, logistic systems, vehicle routing problem, transshipments points 
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Abstract 

This work focuses on the problem of planning and scheduling preventive maintenance operations 

for a set of vehicles subject to non-deterministic failures where the set of vehicles serve a set of 

geographically distributed customers. This problem has real world application where the vehicles 

travel over long distances between cities in a difficult environment favoring a non-negligible prob-

ability of failure of critical components. To solve this problem, we propose a method that combine 

a simulated annealing metaheuristic and a maintenance model for a single vehicle. The maintenance 

model consists in a replacement model that determine the number of preventive maintenance oper-

ations for the vehicles. We present some preliminary results, comparing the proposed method with 

a mixed integer programming model for a set of instances. 

1 Introduction 

The planning and scheduling of preventive maintenance operations with routing is a problem studied 

recently in the literature and leads to significant improvements in the reliability of an industrial installa-

tion or a distribution network. Maintenance planning determines the set of operations, time intervals, 

and resources (staff, supplies, and spare parts) necessary to conduct maintenance operations [1]. López-

Santana et al. [2] state the combined maintenance and routing optimization problem for the planning 

and scheduling preventive maintenance operations for a set of geographically distributed machines, sub-

ject to non-deterministic failures with a set of technicians that perform preventive maintenance and re-

pair operations on the machines at the customer sites within a specific time window and planning hori-

zon. They work integrates maintenance scheduling and routing model considering that the customer’s 

machines fail. 

We focused on the maintenance operations for vehicles that must be travelling to serve custom-

ers. This problem has real world applications where the vehicles travel over long distances between 

cities in a difficult environment favoring a non-negligible probability of failure of critical components 

[3]. In the literature, there are different applications of maintenance operations tightly coupled with 

vehicle routing problems, for instances Tang et al. [4] present a real-world planned maintenance sched-

uling problem in United Technologies Corporation; Ortiz et al. [5] present the problem of allocating 

maintenance jobs to a set of workers over a planning horizon in a distribution network of pumping 

stations; Pillac et al. [6] solve the technician routing and scheduling problem; and Goel and Meisel [7] 

present a combined routing and scheduling problem for the maintenance task of electricity networks. 

In this paper we consider a set of customers that are geographically distributed over a region 

and a set of vehicles to serve the customers. These vehicles are subject to unforeseen failures that result 

in downtime and hence loss of productivity. To reduce the occurrence of these unforeseen downtimes, a 

Preventive Maintenance (PM) operation is scheduled with a certain frequency. When a vehicle fails 

suddenly, the maintenance crew travel to the vehicle locations and must perform a repair operation, 

called Corrective Maintenance (CM). Given a planning horizon, this problem consists in determining a 

routing-maintenance policy for all vehicles and customers. The problem aims to minimize the total rout-

ing costs (e.g., distances, times, etc.) plus maintenance cost for the routing view. 

To solve this problem, we use a solution approach which integrates the model proposed by [2], 

called the Combined Maintenance and Routing Model (CMR) into the simulated annealing approach. 
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Firstly, with the assumption of zero waiting times, we determine a maintenance schedule with CMR 

model. Secondly, using the output from the CMR, a simulated annealing is executed to find the routes 

to serve all customers and perform the scheduled PM operations for the vehicles. 

2 Solution approach 

We consider a system with a set of customers 𝑉𝐶 = {1,2, … , 𝑁} geographically distributed over a region. 

Each customer must be visited once in the planning horizon and has a hard time window to be served 

for the vehicle. We consider a set of identical vehicles  𝐾 = {1,2, . . , 𝑚}, who need to visit the set of 

customers. The vehicles are mutually independent regarding their failure behavior and hence it is possi-

ble to determine an optimal maintenance policy for each vehicle separately. We consider a central depot 

indexed by 0 as the site of departure and destination for all vehicles. Given a planning horizon, this 

problem consists of determining a joint routing-maintenance policy for all vehicles such that it mini-

mizes the total expected maintenance cost (PM and CM costs) and routing costs. The assumptions and 

conditions of the problem are that: the vehicles are mutually independent regarding their failure behav-

ior, start in as good as new condition, and after the PM or CM operation they return to as good as new 

condition again; all vehicles start in the depot at the beginning of the planning horizon and must return 

to the depot by the end of the planning horizon; the mean time required to perform a CM operation is 

longer than the mean time required to perform a PM operation on each vehicle and the CM cost is larger 

than the PM cost; and the travel times are deterministic and fulfill the triangle inequality. 

Our method consists in the algorithm stated in Algorithm 1. Our representation for a routing 

solution 𝑟𝑖 consists in a set of arrays of integers that represents the routes for each vehicle and indicates 

the order to serve the customers, i.e., for [2,3,4] indicates that the vehicle serve first the customer 2, then 

goes to customer 3 and finally for customer 4.  Our representation for a maintenance solution 𝑚𝑖 consists 

in a set of arrays for each route and indicates when a PM is scheduled., i.e., if the number of PM is two 

then the array could be [0,2] and indicates that the PM are scheduled, for the route [2,3,4], before cus-

tomer 2 and before customer 4. Both solutions, 𝑟𝑖  and 𝑚𝑖, are combined in a solution 𝑠𝑖. We set a initial 

temperature and method to decrease the temperature like 𝑇𝑛 = 𝑎𝑇𝑛−1, where 𝑎 ∈ [0,1), according with 

[8], [9]. The operator → neigborhoood(s) consist in get new solutions using 2-opt and swap methods. 

  
Algorithm 1. SA approach 

1:  𝑟0 →intial solution()  

2:  𝑚0 → 𝐶𝑀𝑅(𝑠0) 

3:  𝑠 → 𝑐𝑜𝑚𝑏𝑖𝑛𝑒_𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠(𝑟0,𝑚0) 

4:  𝑇 →Initial temperature, 𝑖 → 0 

5:  𝑠𝑏𝑒𝑠𝑡 → 𝑠  

6:  while 𝑇 > 𝑇𝑚𝑖𝑛 or 𝑖 < 𝑀𝑎𝑥𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠, do  

7:         𝑟1 → neigborhoood(s) 

8:         𝑚1 →  𝐶𝑀𝑅(𝑟1 )  
9:         𝑠1 → 𝑐𝑜𝑚𝑏𝑖𝑛𝑒_𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠(𝑠1,𝑚1) 

10:        if 𝑓(𝑠1) ≤ 𝑓(𝑠) then  

11:                𝑠 → 𝑠1 

12:        else  

13:                𝑞 = min {1, 𝑒−
𝑓(𝑠2)−𝑓(𝑠)

𝑇 } 

14:               if 𝑟𝑎𝑛𝑑𝑜𝑚(0,1) < 𝑞 then 

15:                        𝑠 → 𝑠1 

16:               end-if 

17:         end-if 

18:        if 𝑓(𝑠1) ≤ 𝑓(𝑠𝑏𝑒𝑠𝑡) then  

19:                𝑠𝑏𝑒𝑠𝑡 → 𝑠1 

20:        else  

21:         𝑖 → 𝑖 + 1 

22:         𝑇 →Decrease(𝑇) 

23:  end-while 

The objective function 𝑓(𝑠𝑖) considers the routing cost and the maintenances cost. The routing 

costs is computed using the routing solution 𝑟𝑖 and for the maintenances cost use 𝑟𝑖 and 𝑚𝑖 into the CMR 

model. The CMR model proposed by [2] determine the optimal PM period (𝛿∗) that minimizes the 

maintenance cost. The total expected cost per unit time on a vehicle is given by 
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𝒞(𝛿) =
𝐸[𝐶(𝛿)]

𝐸[𝑇(𝛿)]
=

Total expected cost of a cycle

Expected cycle length
=

𝐶𝑃𝑀(1 − 𝐹(𝛿)) + 𝐶𝐶𝑀𝐹(𝛿)

(𝛿 + 𝑇𝑃𝑀) (1 − 𝐹(𝛿))  + (𝑀(𝛿) + 𝑇𝐶𝑀)𝐹(𝛿)
. (1) 

The optimal value of 𝛿 i.e., 𝛿∗ is found from equation (1) using a simple one-dimensional pro-

cedure for unconstrained nonlinear optimization. The date  𝛿∗ (minimum value of  𝒞(𝛿)) represents a 

balance between preventive maintenance and corrective maintenance costs. If the planning horizon has 

the length 𝒯, then 𝜂 is defined as the frequency of PM operations given by 𝜂 = ⌊
𝒯

𝐸[𝑇(𝛿∗)]
⌋. For the j-th PM 

operation over the planning horizon the expected execution date is 𝛿∗ + (𝑗 − 1)𝐸[𝑇(𝛿∗)]. We assume that 

the optimal cost of the maintenance policy remains unchanged and this model is solved for each vehi-

cle 𝑘 ∈ 𝐾.  

3 Results 

This section shows a numerical example of our proposed model. We use the VRP instance r101 proposed 

in [12]. Table 1 presents the results of SA and MIP models over four instances. In the table, we present 

the objective function, the routing and maintenance costs as well as the computational time in seconds. 

In the results we can observe that the computational times for both methods are similar and the GAP 

between the SA and the MIP methods are no longer than 18% and in instance 20-4-230 the SA wins to 

MIP because the maintenance cost is lower for SA. Also, it can be determining that over the six instances 

the SA method can obtain better solutions for maintenance costs in four cases, however our method 

couldn’t obtain or improve the results of routing of the MIP method. We could be insight that the SA 

method is better than MIP in the maintenance model but in the routing cannot to reach the same perfor-

mance, but in the running times the SA approach is faster than MIP method when the problem’s size is 

increasing. 

Instance 

N-K-PH 

 

𝜼 

SA MIP 
GAP 

𝒇(. ) Routing Maintenance Time (s) 𝒇(. ) Routing Maintenance Time (s) 

6-2-230 5 214.63 154 60.63 5.62 199.32 154 45 3.05 7.6% 

6-2-160 4 192.57 174 18.57 4.63 166.27 154 22.27 2.55 15.2% 

10-4-230 10 416.46 356 60.46 5.62 396.65 306 90 5.05 5.05% 

10-4-160 8 368.94 324 44.94 4.63 310.55 286 24.55 3.65 18.7% 

20-4-230 16 653.4 388 265.40 6.12 773.18 328 445.18 16.65 -15.52% 

20-4-160 11 557.44 388 169.44 5.80 527.86 328 199.86 12.65 5.69% 

Table 1: Results of SA and MIP 

References 

[1] S. O. S. Duffuaa, “Mathematical models in maintenance planning and scheduling,” Maintenance, Modeling and 

Optimization, pp. 39–53, Jan. 2000. 

[2] E. López-Santana, R. Akhavan-Tabatabaei, L. Dieulle, N. Labadie, and A. L. Medaglia, “On the combined 

maintenance and routing optimization problem,” Reliability Engineering & System Safety, vol. 145, pp. 199–214, Jan. 

2016. 

[3] S. Jbili, A. Chelbi, M. Radhoui, and M. Kessentini, “Integrated strategy of Vehicle Routing and Maintenance,” 

Reliability Engineering & System Safety, vol. 170, pp. 202–214, Feb. 2018. 

[4] H. Tang, E. Miller-Hooks, and R. Tomastik, “Scheduling technicians for planned maintenance of geographically 

distributed equipment,” Transportation Research Part E: Logistics and Transportation Review, vol. 43, no. 5, pp. 

591–609, Sep. 2007. 

[5] J. F. Ortiz, A. Medaglia, and J. Sefair, “Metodología para la ubicación estratégica del personal técnico y programación 

del mantenimiento en estaciones distribuidas geográficamente,” Tesis Magíster en Ingeniería industrial, Universidad 

de los Andes, Bogotá, 2010. 

[6] V. Pillac, C. Guéret, and A. L. Medaglia, “A parallel matheuristic for the technician routing and scheduling problem,” 

Optimization Letters, pp. 1–11, 2012. 

[7] A. Goel and F. Meisel, “Workforce routing and scheduling for electricity network maintenance with downtime 

minimization,” European Journal of Operational Research, vol. 231, no. 1, pp. 210–228, Nov. 2013. 

[8] F. W. Glover and G. A. Kochenberger, Handbook of metaheuristics, vol. 57. Springer US, 2003. 

[9] S. A. D. Dang and A. Moukrim, “Heuristic solutions for the vehicle routing problem with time windows and 

synchronized visits,” Optimization Letters, pp. 511–525, 2016. 

15



16



MIC 2019 id–1

An iterated local search algorithm for solving a practical
rich location routing problem

Raphael Kramer1, Nilson F. M. Mendes2, Giorgio Zucchi3, Manuel Iori2

1 Universidade Federal de Pernambuco
Departamento de Engenharia de Produção, Recife, Brazil

raphael.kramer@ufpe.br
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Abstract
We present and solve a rich vehicle routing problem (RVRP) derived from two realistic cases

involving the delivery of pharmaceuticals to healthcare establishments, in Italy. The studied problem
is characterized by having many features and constraints, such as multiple depots, multiple periods,
heterogeneous fleet, time-windows, and site-dependency (i.e., customer-vehicle incompatibilities).
In addition, decisions related to the supply and the location of the depots, and the installation of
warehouses in the hospitals are considered. To solve the problem we propose an iterated local search
(ILS) algorithm enhanced with classical neighborhoods and auxiliary data structures from the liter-
ature. The proposed algorithm is evaluated through computational experiments by solving realistic
and artificial instances We also present a sensitive analysis to evaluate the routing costs and the algo-
rithm performance by changing the maximum number of depots allowed to be opened.

1 Introduction
Vehicle Routing Problem (VRP) is a classical combinatorial optimization problem, well-studied in the
field of Operations Research. One of the highest motivation for its study is due to the large potential
of applications in the real-life. For instance, applications in the solid waste, beverage, food, dairy and
newspaper industries can be found in [5] and [2].

Facility location problem (FLP) is another well-studied topic in combinatorial optimization that has
several applications in logistics and supply chain management. The location of warehouses, the location
of intermediate consolidation points in urban distribution of goods, the location of firehouses, hospitals
or mailboxes are all examples of FLPs arising in logistics management (see, e.g., [7]). In the context
of vehicle routing, the location and quantity of depots are of strategical importance, as this can lead to
savings (or losses) in the routing costs over a long period. A well known problem that combines VRP
and FLP is the location routing problem (LRP, see, e.g., [9], [4], [10]).

Since its introduction in the literature [3], many VRP variants have been proposed. Such variants
usually integrates new features or characteristics to the original version with the aim to better represent
the reality. For a review on classical VRP variants we refer the interested reader to the book by [12].
According to [6], the combination of multiple features in a single VRP including strategic and tactical
aspects, as well as operational restrictions, characterizes it as a Rich Vehicle Routing Problem (RVRP).
In addition, [1] state that a RVRP must represent the most relevant attributes of a real-life vehicle routing
distribution system, such as heterogeneity, multi-periodicity, and diversity of users and policies.

In this paper we study a RVRP+FLP derived from two realistic cases involving the delivery of phar-
maceuticals to healthcare establishments, in Italy (Section 2). To solve the problem we propose an it-
erated local search (ILS) algorithm enhanced with classical neighborhoods and auxiliary data structures
from the literature (Section 3). The proposed algorithm is evaluated through computational experiments
by solving realistic and artificial instances involving up to 300 customers and 6 periods (Section 4). We
also present a sensitive analysis to evaluate the routing costs and the algorithm performance by changing
the maximum number of depots allowed to be opened (Section 4).
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2 Case study description
The studied RVRP is derived from practical VRP applications faced by Coopservice (in a recently won
public tender). Coopservice is an Italian company, created in 1991, whose aim is to provide indus-
trial, commercial and hospital services such as cleaning, logistics, security and waste management. The
pharmaceutical logistics is a sector of the company that ensures the correct storage and distribution of
medicines and other hospital products to parapharmacy stores and hospitals.

In the recent years, motivated by the guidelines of the Italian national health system, logistic com-
plexes (the so-called Vast Areas) are being created to concentrate the local healthcare units (the so-called
AUSLs – Azienda Unità Sanitaria Locale) into a single centralized warehouse. The benefits for institutions
are the reduction of business costs and the reduction of the staff dedicated to the purchasing function.
Coopservice is responsible for warehouse management and distribution of some Italian regions.

Products must be delivered to a set of hospitals from one or multiple depots. Each hospital must
visited by a single vehicle and the company has a heterogeneous fleet. Phisicians should be at the
delivery place when the vehicle arrives to take care of the medicines, so we have customer time windows.
In addition, the characteristics of some hospitals (such as location and size) may prohibit the access of
certain types of vehicles. Customers have demands to be attended from Monday to Saturday, and the
routes must not exceed 9 hours.

The RVRP solved is defined according to the features and constraints faced while designing the routes
to deliver pharmaceutical products in two different regions of Italy. Both cases involve multiple depots,
multi-period demands, heterogeneous fleet, customer time-windows, customer-vehicle incompatibilities,
and maximum duration of routes. From the first case (Region 1), the depots can be classified as main or
auxiliary. Auxiliary depots must be supplied by the main depots one day before the deliveries. Moreover,
some hospital may be equipped with warehouses that allow the company to deliver the products one day
in advance (within a larger time-window). From the second case (Region 2), the location of T depots
must be chosen from a set of candidate locations. The objective consists in minimizing the total traveling
distance in the whole period (6 days). The company is interested on the estimation and evaluation of
different solutions based on different number of depots to be opened. Then, it can choose a solution that
depends on the trade off between the cost to open a depot and the total duration of the routes.

3 Solution algorithm
The presented RVRP is solved by means of a Multi-Start Iterated Local Search (MS-ILS) algorithm that
makes use of classical neighborhoods and auxiliary data structures. The algorithm restarts ηITER times.
At each iteration, an initial solution is built according to a greedy strategy, then the local search (LS)
procedure is executed according to the randomized variable neighborhood descent [8, 11]. Once the
LS is done, the solution is perturbed either by performing random customer swaps inter-routes or by
performing random depot exchanges. The loop of LS and perturbation is executed for ηILS consecutive
iterations without improving the incumbent solution.

The initial solution is built as follows. Initially, T depots are chosen at random. Then, for each day d,
it is initialized Hd routes containing a single hospital. Afterward, the remaining customers are inserted
in the best position of the current routes, following a random order. Violations of the time window
constraints are accepted, but penalized in the objective function. The neighborhoods considered in the
LS are the classical swap inter-routes, swap intra-route, relocate inter-routes, relocate intra-route, 2-opt,
and 2-opt∗. In addition, it also considers depot-swaps and hospital inter-days relocation. To speed-up the
moves evaluation, the proposed algorithm makes use of the auxiliary data structures proposed by [13]
and accepts infeasible solutions with respect to time-windows and route durations (but it penalizes them
in the objective function).

4 Preliminary computational results
The proposed MS-ILS was coded in C++ and executed on a single thread of an Intel Core i5-5200U
2.2GHz with 16GB of RAM, running under Linux Mint 17.2 64-bit. The following parameter values
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were adopted: ηITER = 20, and ηILS = 20. The algorithm was evaluated by solving three sets of
instances: Set 1 is composed by 6 instances derived from the first case (Region 1); Set 2 is composed by
10 instances derived from the second case (Region 2); and Set 3 is composed by 30 artificial instances.
The summary of the results for the Set 3 is presented in Table 1.

Table 1: Results for the artificial instances (Set 3)
best greedy solution best MS-ILS solution average MS-ILS solution Gap (%)

#nodes #dep #per #maxdep dist. |R| dist. #antic. |R| dist. #antic. |R| T(s) to greedy to best MS-ILS
KMZI100-4 100 4 6 2 10212.90 78 5927.70 2.00 58 5994.46 4.10 60.00 12.37 -41.31 1.13
KMZI100-6 100 6 6 3 8411.04 83 5084.20 10.00 53 5293.97 15.60 58.10 11.92 -37.06 4.13
KMZI100-8 100 8 6 4 7247.55 90 5185.30 6.00 78 5403.75 7.30 81.00 13.33 -25.44 4.21
KMZI150-4 150 4 6 2 20464.90 106 12395.50 11.00 77 12628.73 16.80 82.20 40.42 -38.29 1.88
KMZI150-6 150 6 6 3 16956.80 115 10768.10 5.00 87 11057.90 12.50 91.90 43.81 -34.79 2.69
KMZI150-8 150 8 6 4 14295.90 115 9771.50 11.00 93 10082.75 14.30 95.90 41.39 -29.47 3.19
KMZI200-4 200 4 6 2 33532.90 139 19143.40 3.00 116 19437.16 8.40 118.10 107.79 -42.04 1.53
KMZI200-6 200 6 6 3 29546.00 144 15638.80 8.00 98 16246.02 17.20 104.80 94.20 -45.01 3.88
KMZI200-8 200 8 6 4 26525.30 159 16637.20 11.00 116 17462.84 17.10 120.40 99.90 -34.17 4.96
KMZI250-4 250 4 6 2 51156.70 179 29903.10 10.00 131 30389.86 20.90 136.80 165.63 -40.59 1.63
KMZI205-6 250 6 6 3 44736.60 173 25780.10 6.00 125 27553.38 18.80 128.60 163.69 -38.41 6.88
KMZI250-8 250 8 6 4 35728.80 183 24127.30 14.00 149 25067.61 20.80 152.90 214.48 -29.84 3.90
KMZI300-4 300 4 6 2 78853.00 207 45331.40 22.00 150 45701.07 29.80 153.00 332.25 -42.04 0.82
KMZI300-6 300 6 6 3 54680.20 211 34682.40 23.00 165 36526.97 28.80 169.10 274.87 -33.20 5.32
KMZI300-8 300 8 6 4 55742.00 207 36684.50 14.00 177 37521.76 19.50 180.60 294.99 -32.69 2.28
KMZI100-4 100 4 6 3 9653.47 78 5492.20 7.00 60 5562.46 11.30 62.80 11.94 -42.38 1.28
KMZI100-6 100 6 6 4 8136.07 87 4731.00 8.00 56 4950.64 13.90 60.10 12.55 -39.15 4.64
KMZI100-8 100 8 6 5 7131.98 92 5152.50 0.00 80 5303.73 2.50 82.60 13.09 -25.63 2.94
KMZI150-4 150 4 6 3 19590.80 108 11987.90 12.00 84 12196.98 17.10 86.50 39.66 -37.74 1.74
KMZI150-6 150 6 6 4 16590.40 116 10310.50 7.00 89 10623.43 13.60 94.00 44.02 -35.97 3.04
KMZI150-8 150 8 6 5 13640.60 116 9241.40 10.00 90 9809.09 13.50 95.30 40.55 -28.09 6.14
KMZI200-4 200 4 6 3 29689.10 144 17997.90 9.00 119 18754.55 14.00 124.50 111.09 -36.83 4.20
KMZI200-6 200 6 6 4 27083.80 152 14114.50 10.00 105 15282.15 17.60 108.50 88.24 -43.57 8.27
KMZI200-8 200 8 6 5 25844.00 163 15258.00 9.00 119 16549.96 14.10 122.20 108.17 -35.96 8.47
KMZI250-4 250 4 6 3 44986.50 188 26908.20 15.00 144 27265.16 25.00 147.10 148.28 -39.39 1.33
KMZI205-6 250 6 6 4 44502.30 176 26246.60 10.00 127 27291.73 18.40 133.30 160.29 -38.67 3.98
KMZI250-8 250 8 6 5 34515.20 189 23366.10 17.00 151 23787.98 22.40 158.90 209.95 -31.08 1.81
KMZI300-4 300 4 6 3 70426.80 211 39493.60 20.00 154 41272.88 31.40 158.90 333.37 -41.40 4.51
KMZI300-6 300 6 6 4 53825.80 216 34232.20 16.00 171 34880.14 25.40 173.60 267.28 -35.20 1.89
KMZI300-8 300 8 6 5 50964.50 212 33679.70 12.00 184 34831.50 22.10 187.90 301.01 -31.66 3.42

In order to evaluate the impact of the number of depots on the routing costs we solved the instance
of the Region 2 considering different numbers of depots (#maxdep). The results are presented in Table 2.

Table 2: Results for Region 2 instances considering different number of depots (Set 1)
best MS-ILS solution average MS-ILS solution Gap(%)

#nodes #dep #per #maxdep dist. |R| T(s) dist |R| T(s) dist |R| T(s)
R2-74-10-1 74 10 6 1 18490.80 68.00 55.89 33057.24 106.30 61.50 78.78 56.32 10.04
R2-74-10-2 74 10 6 2 10164.30 54.00 55.98 10989.63 55.70 66.65 8.12 3.15 19.06
R2-74-10-3 74 10 6 3 8947.98 54.00 59.70 9413.99 56.30 66.40 5.21 4.26 11.22
R2-74-10-4 74 10 6 4 7837.67 53.00 55.68 8435.06 54.60 65.44 7.62 3.02 17.52
R2-74-10-5 74 10 6 5 7477.41 53.00 60.64 8022.39 56.60 68.16 7.29 6.79 12.40
R2-74-10-6 74 10 6 6 6715.91 53.00 58.16 7229.68 56.00 63.57 7.65 5.66 9.30
R2-74-10-7 74 10 6 7 6618.10 55.00 54.04 6897.55 59.20 63.44 4.22 7.64 17.39
R2-74-10-8 74 10 6 8 6626.81 58.00 52.48 6865.81 63.20 60.53 3.61 8.97 15.32
R2-74-10-9 74 10 6 9 6544.30 63.00 48.70 6810.28 65.60 59.79 4.06 4.13 22.78
R2-74-10-10 74 10 6 10 6689.25 62.00 45.61 6911.16 66.80 54.42 3.32 7.74 19.31

From Table 2, we verify that the total traveling distance (i.e., routing costs) decreases as the number of
depots increases. Despite the CPU time does not change significantly with the variation on the number
of depots allowed to be opened, we verify that the robustness of the algorithm is better on instances
with large number of depots. This is expected because when the number of depots becomes closer to
the number of candidate the locations, the decisions related to depot location becomes easier and the
problem concentrates on the routing decisions.

5 Conclusions and future research
We presented and solved a particular rich location routing problem derived from practical applications of
pharmaceutical distribution faced by an Italian company. The preliminary results shows that the current
version of the algorithm is able to provide significant cost savings when compared with those obtained by
greedy methods that are commonly adopted in practice by decision makers. However, some refinement
on the algorithm are still being performed with the aim to improve the robustness and the solution quality.
As the problems are derived from a public tender rencently won by Coopservice, the solutions have not
been implemented yet. The company plans to implement and evaluate them in the next six months.
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Abstract

We investigate the generalized quadratic assignment problem and introduce a number of mat- and
metaheuristic algorithms. Especially highlighted is an improvement procedure, a so-called magnify-
ing glass heuristic, which has already proved to be successful for the solving of traveling salesman
problems. All approaches are validated on test instances from the literature and on a generated set
of random instances. Results demonstrate a very appealing computational performance, offering a
promising foundation for further developments of the base concept in different contexts.

1 Introduction

In our study, we explore the so-called Generalized Quadratic Assignment Problem (GQAP). The GQAP
has its origin in the Linear Assignment Problem (LAP), where a number of agents (machines, supplies)
have to be assigned to a number of jobs (tasks, demands) in order to minimize the total cost service, while
assignment constraints, which state that each job hast to be serviced by exactly one agent and vice versa,
must be obeyed. The LAP in turn is a special case of the the Generalized Assignment Problem (GAP),
in which assignment constraints on the supply-side are replaced with upper bounds of supplies (which
may exceed the assignment unit case). Another generalisation of the LAP is the Quadratic Assignment
Problem (QAP), which models multiplicative cost factors between agents and jobs. Finally, the GQAP
can be thought of as a combination of GAP and QAP and therefore receives a quadratic component in its
objective function, the same way as it is done in the QAP.

While there exist efficient polynomial algorithms for the LAP, e.g. the Hungarian method, the GAP,
the QAP, and the GQAP are NP-hard. The research topic of this work is related to both mathematical
formulations of the GQAP as well as to the development of LP- and ILP- based matheuristics, which
have become popular with the rise of recent powerful hardware and solvers like CPLEX or Gurobi (see
[4]). The focus lies on the presentation of an improvement heuristic, which, under special conditions, is
even capable of serving as a construction procedure. The general idea was coined as Magnifying Glass
Heuristic and was already successfully applied to the Quadratic Travelling Salesman Problem in [6].

2 Model

The Generalized Quadratic Assignment Problem (GQAP) can be described by means of the following
quadratic integer program. We are given m ∈ N, the number of agents, n ∈ N, the number of jobs,
with linear costs and weights pij ∈ R and wij ∈ R+

0 , where 1 ≤ i ≤ m and 1 ≤ j ≤ n, respectively.
The weights present resources to be spent by agent i for job j, without exceeding an available capacity
ai ∈ R+

0 . Quadratic costs are defined by the product of dir ∈ R, the cost factor between the agents i and
r, and fjs ∈ R, the cost factor between the resources j and s. Binary decision variables xij ∈ {0, 1}
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determine whether a job j is served by agent i, or not. Then the GQAP is defined by the following
quadratic integer program (QIP):

min
m∑

i=1

n∑

j=j

pijxij +
m∑

i=1

n∑

j=1

m∑

r=1

n∑

s=1

dirfjsxijxrs (1)

s.t.
n∑

j=1

wijxij ≤ ai ∀ 1 ≤ i ≤ m, (2)

m∑

i=1

xij = 1 ∀ 1 ≤ j ≤ n, (3)

xij ∈ {0, 1} ∀ 1 ≤ i ≤ m, ∀ 1 ≤ j ≤ n. (4)

3 Solution Approaches

The improvement process builds upon the results of a constructive solution procedure, which was in its
original form presented as Guided Adaptive Relaxation Rounding Procedure (GARRP) in [3]. GARRP
starts from the scratch, and iteratively creates partial solutions by fixing exactly one assignment xij ..= 1
in each iteration, based upon an optimized relaxation of GQAP, leaving a subset of decision variables
free. These partial solutions, i.e. incomplete or partial assignments of jobs j to specific agents i, are
organized within a tree, in which each tree-node represents one assignment made. So for any (partial)
solution all fixed assignments left can be found by pegging links back to the root, where the latter stores
the result of the first relaxation solved ([2]), underlying all variables to be free. Relaxed, i.e. continuous
values xij , can be interpreted as choice-probabilities among the k-best successors of a given node. The
tree is explored in a depth-first manner, which includes back-tracing if a node is fathomed.

The Magnifying Glass Heuristic for the GQAP, MG-GQAP, can be understood as a large neighbor-
hood search, where a (starting) solution is partially destroyed and repaired by corresponding operators;
a process, which is iteratively repeated until a local optimum is reached (see [5]). The underlying idea
of our approach works as follows: we consider K randomly chosen columns (jobs) and create a new
auxiliary instance containing only these K columns (and all rows). After modifying the linear costs pij
and re-adjusting the total amounts of resources ai in order to reflect the overall problem, we solve the
auxiliary problem optimally and get a new, possibly improved solution with changes restricted to the K
chosen columns. This process is then repeated for I iterations.

Let zX
(
(xij)

)
be the objective function value of the solution (xij) ∈ {0, 1}m×n for the instance X .

Then for a given number of iterations I ∈ N and a given size of magnifying glassK ∈ N, the magnifying
glass matheuristic can be formally described as follows:

Require: A GQAP instance X and a solution given as (xij) ∈ {0, 1}m×n
Ensure: New solution (xnewij ) ∈ {0, 1}m×n with zI

(
(xnewij )

)
≤ zI

(
(xij)

)

1: (xoldij ) ..= (xij);
2: for I iterations do
3: Choose K columns c1 6= c2 6= . . . 6= cK ∈ {1, 2, . . . , n} and let C = {c1, c2, . . . , cK};
4: Create a new (auxiliary) GQAP instance X ′ containing all rows and the columns c1, c2, . . . , cK

of the instance Xold and having new costs and total amounts of resources instead of pij and ai

p′ij
..= pij +

m∑

r=1

n∑

s=1
s/∈C

(dirfjs + drifsj)x
old
rs ∀ 1 ≤ i ≤ m, ∀ j ∈ C (5)

a′i
..= ai −

n∑

j=1
j /∈C

wijx
old
ij ∀ 1 ≤ i ≤ m; (6)
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5: Solve the instance X ′ using the QIP (1)–(4) and update the solution (xnewij ) ..= (xoldij ) ∪ (x′ij) ;
6: (xoldij ) ..= (xnewij );
7: end for
8: return (xnewij );

Algorithm 1: MG-GQAP

Algorithm 1 is based on the quadratic integer program (1)–(4) (see Section 2). In general, it can be
used with any linearisation as well, but the model has to be slightly adapted.

4 Implementation and Preliminary Results

The basic MG-GQAP-implementation is tested on several choice criteria to systematically define dif-
ferent sets K, where for all of them it turned out that, to a specific amount, a random contribution is
absolutely meaningful. The same holds for the inclusion of fast local search procedures based on swap-
and insert-moves. Currently, the test bed of [1] with 21 instances is solved in all cases with an average
deterioration of only 1.57%, which constitutes an average improvement of 6.3% over GARRP. MG-QQAP
running times for I = 1000 iterations on an Intel(R) Core i7-3770K CPU @3.6GHz, Windows 10 Pro
system with 16 GB Ram, lie between roughly 1 to 4 minutes. With respect to the own “soft-constrained”
test bed of 20 symmetrically sized instances with sizes 10 ≤ m = n ≤ 100 (in steps of 5), it should be
highlighted that, without any starting solution, the MG-GQAP is able to serve as construction procedure
and provides reasonable feasible solutions within not more than 50 minutes.

5 Summary and Outlook

In this work we offer solution approaches for the Generalized Quadratic Assignment Problem. Especially
highlighted is an improvement procedure, originally coined as Magnifying Glass Heuristic, a matheuris-
tic built upon the paradigm of joining established (meta)heuristic ideas with the strengths of mathemat-
ical programming. Attractive opportunities for more advanced tuning options include memory aspects
for search guidance, the dynamic inclusion of cutting planes as well as optimizing the implementation,
seen from both a code- and solver-oriented perspective. All these aspects, along with an enlargement of
the test bed, are already ongoing research and will be covered in in the final presentation.
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Abstract

The minimum cost chromatic partition problem is a variant ofthe graph coloring problem in
which there are costs associated with the colors and we seek avertex coloring minimizing the sum of
the costs of the colors used in each vertex. It finds applications in VLSI design and some scheduling
problems modeled on interval graphs. We propose a trajectory search heuristic using local search,
path-relinking, perturbations, and restarts for solving the problem and discuss numerical results.

1 Introduction

The minimum cost chromatic partition problem (MCCPP) is a variant of the graphcoloring problem in
which there are costs associated with the colors and one seeks a vertex coloring minimizing the sum of
the costs of the colors used in each vertex. The problem was introduced by Mead and Conway [8] and
has applications in the design of VLSI circuits [11, 12]. Kroon et al. [5] showed that MCCPP for interval
graphs is equivalent to the fixed interval scheduling problem with machine-dependent processing costs.

No exact algorithms are reported for MCCPP in the literature. We propose atrajectory search with
path-relinking heuristic for MCCPP. In Section 2, the minimum cost chromatic partition problem is for-
mulated as an integer programming problem and its complexity is discussed. Section 3 presents the
building blocks of the trajectory search heuristic with path-relinking. Section4 reports on the computa-
tional experiments and numerical results.

2 Formulation and complexity

Let G = (V,E) be a graph with vertex setV = {v1, . . . , vn} and edge setE ⊆ V × V . We suppose
that a setC = {C1, . . . , Cn} of colors is available and there is a costwc associated with each colorCc,
c = 1, . . . , n. Let xic be a binary variable such thatxic = 1 if color Cc is assigned to vertexvi, xic = 0
otherwise. Seen et al. [11] formulated the minimum cost chromatic partition problem as the following
0-1 integer programming problem:

min
n∑

i=1

n∑

c=1

wc · xic (1)

subject to:

n∑

c=1

xic = 1, ∀i = 1, . . . , n (2)

xic + xjc 6 1, ∀i, j = 1, . . . , n : (vi, vj) ∈ E, ∀c = 1, . . . , n (3)

xic ∈ {0, 1}, ∀i, c = 1, . . . , n. (4)

Constraints (2) impose that each vertex is colored with exactly one color. Constraints (3) guarantee
that if some color is used, then only one of any two adjacent nodes can receive this color. The objective
function (1) minimizes the sum of the costs of the color assignments.
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The minimum cost chromatic partition problem was shown to be NP-hard for general graphs in [11]
from a restriction to the chromatic sum problem, which was proved to be NP-hard in [6]. The next
section presents a trajectory search with path-relinking heuristic for MCCPP.

3 Trajectory search heuristic with path-relinking

The trajectory search heuristic with path-relinking (TSH+PR) developed inthis section makes use of a
randomized greedy heuristic combined with a simple neighborhood for local search to build diversified
colorings, combined with perturbation and path-relinking strategies. A short-term, one-pass tabu list is
used to avoid that the current solution is revisited in the next iteration.

Any solution to MCCPP inG = (V,E) may be represented by a partitionS: 〈V1, . . . , Vn〉 of the
nodes inV , such that all nodes in color classVj ⊆ V are colored with colorCj , for j = 1, . . . , n. A
feasible solution to MCCPP using exactlyk different colors is called a properk-coloring.

TSH+PR considers an evaluation function associated with any (proper orimproper) coloringS:
〈V1, . . . , Vn〉 that is given byf(S) =

∑n
c=1(wc · |Vc| + M · |E(Vc)|), whereE(Vc) ⊆ E is the

subset of conflicting edges with both extremities in color classVc andM is a sufficiently large penalty.
Since

∑n
c=1 |E(Vc)| = 0 in any proper coloring, the penaltyM should be large enough to discard the

presence of conflicting edges in any solution minimizingf(S).
A variant of the greedy Recursive Largest First (RLF) algorithm [7]is used to build an initial solution

for MCCPP. In order to introduce diversity in the construction of the initial solution, the algorithm is
interrupted when there are less than⌈RF × |V |⌉ uncolored vertices, where the randomization factor
RF ∈ (0, 1). At this point, the uncolored vertices are randomly assigned to the color classes already
created. Typically, the initial solution obtained will be an improperk-coloring.

Let S be ak-coloring obtained as the initial solution. We denote byS(v) = i the color classVi

of vertexv ∈ V and byNj(v) ⊆ Vj the subset of vertices adjacent tov in color classVj , for any
j = 1, . . . , k: j 6= S(v).

A proper coloring can be obtained fromS by the application of a sequence of moves in the Critical
One-Move Neighborhood, widely used in coloring problems [1, 3]. A neighbor solution is obtained by
moving a vertexv involved in a color conflict from its color classVi to another classVj , with 1 6 j 6
k + 1, i 6= j, and|Nj(v)| = 0. The vertex selected to be moved is always the one that promotes the
largest reduction in the evaluation function. Furthermore, the selected pair〈v, j〉 cannot be classified
as a tabu move (as the result of the last sequence of perturbation moves) unless it satisfies an aspiration
criterion leading to a neighbor solution that improves upon the best solution found.

After a proper coloring has been obtained, a solution improvement phase attempts to reassign vertices
to smaller cost color classes, while preserving feasibility. The least cost color is assigned to the largest
cardinality color class [2]. The procedure attempts to reassign vertices ofthe next largest cardinality
color class to a smaller cost color class of the solution under construction that does not create a conflict
(or, otherwise, to a new color class with the yet unused least cost color).

Backward path-relinking is applied by TSH+PR between the proper coloring previously obtained
and a solution randomly selected from the elite set.

The last phase of each iteration amounts to a diversification strategy that creates perturbations after a
feasible solution has been obtained and improved by path-relinking. Vertices of a properk-coloring are
randomly selected and reassigned to another color class of the current solution or to a new color class.
Moves leading to the reversal of the perturbations should be forbidden and are placed in a one-pass tabu
list for the next application of the feasibility search procedure that obtainsa proper coloring. The number
maxPerturbations of perturbations is handled as a parameter of the algorithm.

4 Computational experiments

Heuristic TSH+PR was implemented in C and compiled with gcc version 5.4.0. An IntelCore i7-4790K
processor with a 4 GHz clock and 16 GB of RAM memory running Linux Ubuntu16.04 LTS 64 bits was
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used in the computational experiments. We considered 62 benchmark graphs from http://mat.gsia.cmu.
edu/COLOR03 and http://mat.gsia.cmu.edu/COLOR/instances.html [4]. We generated integer random
color cost values in the interval[1, 1000] associated with|V | colors for each test instance.

We selected ten instances out of the 62 benchmark graphs with color cost values for tuning the best
parameters values for heuristic TSH+PR. Heuristic TSH+PR withRF = 5%, maxElite = 30, and
maxPerturbations =

√
V was applied to the remaining 52 benchmark instances. Ten independent runs

were performed for each instance, with the stopping criterion being 300 iterations without improve-
ment in the best solution found. Results of this computational experiment showthat heuristic TSH+PR
matched or improved the best solution found by CPLEX (limited to 3600 seconds) for 43 out of 52
instances and found the optimal solution for six of them, in significantly less time than CPLEX.

Resende and Ribeiro [9, 10] showed that restart strategies are able to reduce the running time to reach
a target solution value for many problems. We applied the same type of restart(κ) strategy, in which the
elite set is emptied out and the heuristic restarted from scratch afterκ consecutive iterations have been
performed without improvement in the best solution found. We evaluated the performance of the restart
strategy for the minimum cost chromatic partition problem forκ = 50, 100, 200.

Run time distributions (or time-to-target plots) display on the ordinate axis the probability that an
algorithm will find a solution at least as good as a given target value within a given running time, shown
on the abscissa axis. Figure 1 displays typical time-to-target plots for instance 4-FullIns_5 (with the
target value set to 6334) for TSH+PR without restarts and TSH+PR with therestart(κ) strategy for
κ = 50, 100, 200. This plot makes the case for the use of the restarts strategy, showing thatat least one
of the improved strategies always finds the target with the same probability systematically faster.
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Figure 1: Time-to-target plots for instance 4-FullIns_5 with target value set to 6334.

We also performed long runs for 47 instances for which the value of the best solution found by short
runs of TSH+PR without restarts did not match the best value obtained by CPLEX. Two variants of
TSH+PR were compared. The strategy without restarts was made to stop after 1000 iterations without
improvement in the best solution found. Strategy restart(50) was made to stopafter the same running
time taken by the strategy without restarts. Given the same running time, strategyrestart(50) found
the best solution for 34 out of the 47 instances and performed much better than the strategy without
restarts, which obtained only 21 best solutions. Table 1 summarizes the results obtained for a subset of
15 among the largest tested instances. The best solution value for each instance is marked in boldface.
Full computational results will be presented in a forthcoming paper.
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Table 1: Long runs: no restarts and restart(50), one run for each instance. Stopping criterion: 1000
iterations without improvement in the best value for no restarts, same runningtime as no restarts for
restart(50).

no restarts restart(50)
1000 iterations same time as

without improvement no restarts
Instance |V | |E| Cost Time (s) Cost Time (s)
DSJC1000.5 1000 249826 49412 236.9448296 236.97
flat1000_50_0 1000 245000 43682 384.6742562 384.69
flat1000_60_0 1000 245830 42373 173.7241614 173.73
flat1000_76_0 1000 246708 43325 116.3242746 116.34
DSJC1000.9 1000 449449 111284 476.95108604 477.02
C1000.9 1000 450079 112708 705.85110222 705.87
qg.order40 1600 62400 15284 93.80 15291 93.82
wap07 1809 103368 13687 177.20 13797 177.21
wap08 1870 104176 14621 595.14 14487 595.16
wap02 2464 111742 17625 440.12 17611 440.17
qg.order60 3600 212400 35951 777.13 35960 777.15
4-FullIns_5 4146 77305 6285 174.78 6283 174.81
wap03 4730 286722 20879 2907.46 20865 2907.56
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Abstract

In this paper, we introduce a pattern-based module to improve the efficiency of local search-based
optimizations. The objective of this module is to extract frequent dependencies between tasks from
good solutions, then to use them to guide the search phase. We aim at showing that knowledge can
be extracted from solutions built to generate either better solutions or to generate similar solutions
but faster. The first results obtained tend to validate our hypothesis.

1 Introduction

The Resource-Constrained Project Scheduling Problem (RCPSP) is a problem in which the aim is to
schedule a set of tasks using a set of finite but renewable resources of different types; each task having a
known processing time and maybe precedence constraints. The RCPSP has been widely addressed in the
literature and different methods have been developed to solve it. More specifically, we are interested in
knowledge discovery-based metaheuristics. Metaheuristics are very efficient approximation methods to
solve the RCPSP. Traditional techniques improve a solution by searching its neighborhood, but without
much idea of where exactly in this neighborhood. Therefore, several papers addressed the problem of
using information contained in current solutions to guide the neighbors generation [1–3]. However, the
knowledge discovery procedure implemented in these techniques are specifically designed, and are not
meant to be reusable in other techniques.

The objective of our work is to propose an algorithm-independent knowledge discovery module. As
a first step, we focus on local search-based metaheuristics, a class of optimization methods widely used
in the literature. The idea is to improve their efficiency regardless of the algorithm used. The work in
progress presented in this paper intends to validate the hypothesis according which we can effectively
use the information contained in the structure of solutions to perform a smart search. As opposed to
existing techniques that use this information to guide the search toward promising areas of the space,
our method focuses instead on detecting areas to forbid, which should ensure a better exploration of the
search space.

2 The proposed methodology

In the approach we propose, the coding of a solution for the RCPSP is taken from the literature : a solu-
tion X is represented by a vector noted σ. It corresponds to a sequence of tasks such that σ=〈σ1, σ2, ..., σN 〉
is a sequence of N tasks meeting the precedence requirements. Each task is executed in the order de-
fined in σ; i.e., if a task i is before a task j in σ then no resource can execute j before i. To determine
a scheduling based on σ, a Schedule Generation Scheme is applied. It schedules each task as soon as
possible as given in σ, with respect to the precedence constraints and the resource availability. The goal
is to minimize the makespan; i.e., the total duration of the scheduled tasks, the makespan of a vector σ
being noted mkp(σ). In classical local search, a neighborhood is built by transforming this vector using
tasks switches or task insertions, among others.
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In this method, we use sequential pattern mining; i.e., an unsupervised learning technique aiming at
extracting frequent ordered behaviors, to detect dependencies between tasks is σ. and use them to guide
the neighborhood generation. Let N be the set of tasks to execute, a sequential pattern I=〈t1, t2, ..., tN 〉,
∀ti∈sσ,m≤N is a set of ordered tasks in which the task ti occurs after the task tj with 1≤i<j≤m. A
vector σ contains a pattern I , noted I∈σ, if the tasks contained in I occur in the same order in σ; for
I=〈t1, t2, ..., tN 〉,∀ti, tj∈I with 1≤i<j≤m : σk ≺ σp with σk=ti and σp=tj .

From a set of vectors S, we can measure the support of a pattern, supS(I), that is equal to the
number of vectors containing the pattern, divided by the total number of vectors. A pattern is frequent
if its support is greater or equal to a predefined threshold: supS(I)≥minsup. In this preliminary work,
we bound the patterns to two items, |I|=2, for simplicity reasons.

Figure 1: Optimization and pattern mining coupling approach.

To test whether the patterns extracted enables the improvement of the local searches, we propose
the experiments shown in Figure 1. The baseline method, presented in solid lines, is a Multistart Local
Search - a process of repeated local searches - in which the initial solutions are randomly generated.
In this baseline approach, the best solutions generated at each iteration are kept, and the best of these
is chosen as the final solution. The main limit here is the fact that what is ”learned” during the local
searches is forgotten between two iterations. To overcome this limit, we append to this approach our
pattern mining layer, represented by dotted lines in Figure 1. The principle is simple: at the end of each
iteration, the most frequent patterns are extracted from the best solutions. As opposed to existing work
that would detect these patterns in order to make them appear in the new solutions generated, our idea is
instead to forbid ”breaking” these dependencies, because the specific order of the tasks involved in these
dependencies might be an indicator of good solutions.

However, as it is, the proposed method is too constraining and prevents some solutions to be reached.
To avoid this pitfall, we propose 3 optimizations as follows:

1. ”Polluting” itemsets removal: A frequent pattern should be of interest only if it occurs in good
solutions. The goal of this first optimization is to remove patterns occurring more than a predefined
threshold both in good and in worst solutions.

2. Opposite pattern frequency: Even though some patterns are frequent only in the best solutions, it
can happen this is the result of ”luck”; i.e., the local searches did not change to much this specific
behavior or did it but in a bad way. The second optimization intends to, for each frequent pattern
and among the best solutions, compare the quality of the vectors containing the pattern and those
that do not. If the average makespan of the solutions not containing the pattern is lower than those
that do, then the frequent pattern in discarded. Additional constraints state that the difference in
the average makespan and the difference between the number of vectors containing a pattern and
the number of those that do not have to be higher than predefined thresholds.

3. Memory: The patterns finally kept are used to guide the next iteration of local searches. Then rises
the question of keeping or removing them between two iterations. If removed, then we should end
up oscillating between the good patterns of each iteration. The idea of the memory optimization
is to keep the patterns found in early iterations in order to keep improving along the process. The
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two previous optimizations prevent the memory from remembering too many patterns, so the local
searches can reach better new solutions.

The plots presented in Figure 2 shows an example of the promising results of our approach. On
small/medium instances, we notice that, compared to phase 0 (initial iteration without any guiding pat-
tern), the following phases reached solutions with a lower average makespan (30 tasks instances in (a)).
The local searches reach (i) better solutions and (ii) faster. This validates our hypothesis according which
local patterns in the vectors can be indicators of good solutions. However, we face some limits with big-
ger instances. On 90 tasks instances, the plot (b) shows that after an improvement of the results in the
first pattern-based phase, the average makespan increases again, becoming even higher than the initial
pattern-free phase. Efforts to understand and overcome this increase has to be made in the following
steps of this preliminary work.

Figure 2: Experiments led on 30 tasks (a) and 90 tasks (b) instances.

3 Conclusion and Perspectives

This paper introduces an approach based on a optimization and pattern mining coupling for solving the
RCPSP. From a initial Multistart Local Search, our contribution lies in the addition of an optimized
itemset mining layer to guide and improve the generation of good solutions. The first results showed the
applicability of our approach. In the following steps of our work, we intend to overcome the decrease
in the solutions quality through the different iterations. Mainly, we will focus on a new version of the
memory optimization, by introducing a ”conditional memory” that would have the ability to forget a
good pattern under certain conditions. A second step will be to include this pattern module in a more
global approach; a metaheuristic for example.
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Abstract

In this paper, a metaheuristic solution procedure for the multi-mode resource-constrained project
scheduling problem is proposed. The problem consists of determining a schedule such that the project
is completed, maximizing the net present value of the project and complying with the delivery dead-
line. The adaptative bacterial foraging optimization (ABFO) is a variation of the original bacterial
foraging optimization (BFO) which is a nature-inspired metaheuristic optimization algorithm. The
ABFO employing the adaptive foraging strategies to improve the performance of the original BFO.
This metaheuristic has been tested in two benchmark datasets available in the literature, the PSPLIB
and MMLIB with promising results.

1 Introduction

The bacterial foraging optimization algorithm (BFO) created by [5] is inspired by the group behavior of
foraging bacteria such as E.Coli and M.xanthus. That is, it imitates how bacteria feed in a landscape of
nutrients to perform a non-aggressive parallel optimization, perceiving chemical gradients in the envi-
ronment (such as nutrients) and moving towards or away from specific signals. Chen et al. [1] proposes
an adaptive bacterial foraging algorithm based on artificial bacteria that are capable of self-adapting their
exploration and exploitation behaviors in the foraging process. The proposal to use a crossing technique
of the genetic algorithm [4] is to improve the evaluation of the objective function. The mutation will be
applied to change the structure and position of the bacteria with reference to the nutrient-rich areas and to
reintroduce the genetic material lost in the colony and create a variation in the bacteria. The multi-mode
resource-constrained project scheduling problem (MRCPSP), which emerges is an important practical
problem in project management and combinatorial optimization. The MRCPSP is NP-hard and, if there
is more than one nonrenewable resource, the problem of finding a feasible solution for the MRCPSP is
NP-complete [2]. The classical MRCPSP is the problem of selecting an execution mode and the assign-
ment of an initialization or completion time for each activity under resource and precedence restrictions
with the objective of minimizing the makespan. The variants of the MRCPSP with respect to the measure
performance (see [7]) are (1) to maximize the net present value (NPV) of the project, (2) to minimize the
resource availability cost, or (3) to minimize the project cost. Here we propose an ABFO to resolve the
MRCPSP maximizing the NPV of the project, defined as the sum between discounted cash inflows and
outflows, with performance measure the maximize . There are several metaheuristic procedures to solve
the MRCPSP with different objective functions [7]. However, the use of metaheuristic strategies based
on the behavior of bacteria for the MRCPSP is null.

2 Adaptive bacterial foraging optimization

Algorithm 1 provides a overview of the adaptive bacterial foraging optimization for maximizing a NPV
function, with payments due at activitie’s completion times (PAC), [7]. In the execution of the ABFO,
an initial colonial bacterium of size nCol is initially constructed, each bacterium is represented by
a pair (λ, µ). Here, λ the list of activities, a permutation of activities numbers with considerations
for precedence relations and µ is the mode vector. The value of the objective function is computed
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as Npv(λ, µ) =
∑n

i=1(ci,in + ci,out) · e−αfi , with ci,in(> 0), ci,out(< 0) cash in- and outflow, re-
spectively. The discount rate is α and fi is completion time of the activity i. The chemotactic step
ChemotaxisAndSwim is based on the forward/backward improvement method and mode change.
Each activity i is selected from the list λ. Then, the interval [ESi, LSi] is calculated for each mode.
Next, if ESi ≤ LSi, the time where the i activity could be sequenced is calculated. If ci,in ≥ ci,out,
the activity is sequenced to the left, and to the right otherwise. In the case of swarming, we select the
bacteria with better fitness which releases attractants and repellents to send signals to other bacteria so
that they are grouped, provided that they obtain an environment rich in nutrients or avoid harmful en-
vironments. A copy of the best solution, (Bactbest), is subsequently created. The bacteria are then
ordered in descending order (SortByCallHealth) according to whether NPV is maximized. Bacteria
are treated as parental bacteria in order to select two groups of progenitor bacteria and thus generate
two offsprings, using a uniform crossing operation (Crossover). Bacteria with the highest fitness are
selected for the next generation. Given a probability (Mutation), the bacteria can make a change in
their structure and position with respect to the environment; this behavior can either improve or worsen
bacteria’s quality. Bacteria affected by the spontaneous mutation may return to the structure or previous
position, in order to leave environments with few nutrients. Due to the gradual or sudden change in the
local environment, the life of the bacteria may be affected. Then, to incorporate this phenomenon, we use
the (CreateBactAtRandomLocation) step to eliminate each bacterium in the population with certain
probability and randomly initialize a new replacement to in the search space. The result is a bacterium
with objective function optimized.

Algorithm 1: PSEUDOCODE FOR THE BFOA.
Input: n, S, Nc, Ns, Nre, Ned, Ped, Pcross, PmutE , PmutR

Output: Bactbest
Col← InicializarColonia(S, n)
for l = 1 to Ned do

for k = 1 to Nre do
for j = 1 to Nc do

Col← ChemotaxisAndSwim(Col, S,Ns)
foreach Bact ∈ Col do

if NPVBact ≥ NPVBactbest then
Bactbest ← Bact

Col← SortByCellHealth(Col)
Crossover(Col, Pcross)
Mutation(Col, PmutE , PmutR)
Col← SelectByCellHealth(Col, S/2)

foreach Bact ∈ Col do
if Rand() ≤ Ped then

Bact← CreateBactAtRandomLocation()

return Bactbest

3 Computational experiment

In this section we evaluate the performance of our ABFO algorithm under several instances available
in the literature. The ABFO has been coded and compiled in C++ and used in the computational test
on a Toshiba laptop computer with an Intel Core 2.3GHz processor and 4GB of RAM. We calculated
the average deviation considering 5000 schedules with fixed parameters of the J10, J12, J14, J16, J18,
J20 and J30 sets of the PSPLIB library [3], and a set of benchmark instances MMLIB composed for
MMLIB50, MMILB100 and MMLIB+, [6]. Overall, the execution time of the algorithm is acceptable
and the quality of the sequences is quite good. Table 1 summarizes the results of the experiments. The
contents of the table include of each set of instance, the percentage deviation from the best found solution
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reported, and the average NPV for the project (AvNpv) of all feasible solutions with an increase of 5%,
10%, 15% and 20% for the deadline.

Set Instance 5000 schedules AvNpv with D − Incre
Av.Dev (Cmax)(%) 5% 10% 15% 20%

J10 0.0 420.58 460.87 473.12 433.14
J12 0.01 243.41 256.18 270.54 301.89
J14 0.03 320.74 328.62 332.34 351.47
J16 0.07 270.6 379.75 478.13 494.12
J18 0.1 159.62 462.37 475.35 483.12
J20 0.4 309.22 468.45 486.32 508.06
J30 13.5 345 680.65 701.33 745.19
MMLIB50 30.42 850.12 855.75 876.85 906.25
MMLIB100 43.05 3105.87 3275.61 3030.78 3540.87
MMLIB+ 105.25 3560.98 3621.06 4687.42 5470.68

Table 1: Results for the instances of library PSPLIB and MMLIB executing ABFO.

4 Conclusions

In this work, we discussed the the multi-mode resource-constrained project scheduling problem consid-
ering the project’s net present as the objective function. The interaction between the execution time and
cash inflows or outflows is dynamic. Finding a balance between time/cost has been a priority for project
managers. For this, it is necessary to have tools that help to make decisions. Here we proposed a bacterial
adaptative foraging metaheuristic optimization for such purpose. In this algorithm, we have used oper-
ators that explore and exploit the solution space (that is, forward/backward improvement method, mode
change and priority rule) to consider the positive and negative cash flow of the activities. The algorithm
is tested on two benchmark datasets available in literature, namely the PSPLIB and MMLIB. Althought
our proposal performs reasonably well in these instances, assessing its performance when other objective
functions are used, and a possible extension for multi-objective functions are a work in progress.
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Abstract 

This document addresses a harmony search approach for a dynamic cell formation 

problem presented as a mixed-integer linear model aiming to minimize the total 

costs associated with the production process. The mathematical model takes into 

account changing demand and part mix, machine relocation and machine sequence.  

1 Introduction 

The design of cellular manufacturing systems in a planning horizon has been called dynamic cell for-

mation problem (DCFP). Given a set of part types, processing requirements, part type demand and avail-

able resources, the decision maker looks to form part families according to their processing require-

ments, then, group machines into manufacturing cells and finally assign part families to cells [1]. This 

general design is made for every period in a planning horizon, given place to machine location or system 

reconfiguration (Figure 1).  

 

 

Figure 1: An illustration of machine relocation in a dynamic cellular manufacturing 

system   

 

The objective of the DCFP is to minimize the total cost of acquisition, disposal, and relocation of ma-

chines, manufacturing, and inter-cell/intra-cell material handling. In this work we developed a harmony 

search algorithm which is presented by Zong, Kim & Loganathan [2], this algorithm is characterized by 
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intelligently manipulating and combining mechanisms for an adequate process of exploration and ex-

ploitation of a search space. This metaheuristic has been used in different disciplines, Cobos & Mendoza 

[3] presents a clustering algorithm based on the combination of the harmony search and K-means algo-

rithms. Jaberipour & Khorram [4] proposed a harmony search algorithm for solving a sum-of-ratios 

problem with some applications in economy and engineering. Li, Li & Gupta [5] presented a hybrid 

harmony search to solve a multi-objective flowline manufacturing cell scheduling problem.  

2 Proposed Harmony Search Algorithm for the Model 

2.1 Problem Description 

This work considers the cell formation problem in a dynamic environment with changing demand and 

part mix, machine relocation and machine sequence. The DCFP is presented as a mixed-integer linear 

model aiming to minimize the total costs associated with the production process, taking into account the 

following assumptions: the demanded quantity of each part type in each period is known, and production 

can meet demand; the capacity of each machine type is known and constant over the planning horizon; 

the cost of acquisition, disposal, and relocation of machines are known and constant over the planning 

horizon; the operation sequence of each part type is known; the unit inter-cell material handling cost is 

known and constant over the planning horizon.  

2.2 The encoding of a solution 

In the DCFP considered in this work, the encoding of the solution represents the assignment of the part 

types of every operation required to the machines in each cell in each period. The encoding of a solution 

for the above problem consists of J operations required, I part types, M machines, K cells and T periods 

from a planning horizon. Figure 2 illustrates the encoded solution which is a vector with [𝐼 ∗ 𝐽 ∗ 𝑀 ∗ 𝐾 ∗
𝑇] elements.  

 

Figure 2: The encoding of a solution 

 

2.3 Harmony search structure 

The HS model can be presented as the solution that optimizes a vector which is constrained between 

upper and lower limits: 

 𝑚𝑖𝑛 ( 𝑚𝑎𝑥) 𝑓(𝑥) |  𝐿𝐵𝑖 < 𝑥𝑖 < 𝑈𝐵𝑖 (1) 

Where: 𝑓(𝑥) represents the objective function; 𝑥: N-length solution vector and (𝑥𝑖) decision variables; 

𝐿𝐵𝑖, 𝑈𝐵𝑖 are the lower and upper limits of each variable.  

2.4 Parameters 

The values of the parameters are chosen from Garavito Hernández [6]. The Harmony Memory Size, 
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(𝐻𝑀𝑆) represents the amount of sored solutions {100, 1000}. The Harmony Memory Consideration 

Rate (𝐻𝑀𝐶𝑅) is the probability of choosing a stored solution to be harmonized {50%, 90%}. The Pitch 

Adjusting Rate (𝑃𝐴𝑅) is related to the probability of randomly generating the initial solution 

{10%, 50%}. The Maximum Number of Searches (𝑀𝐴𝑋𝐼𝑀𝑃𝑅𝑂𝑉) represents the termination criterion. 

{100,5000}. 

 

Taking into account the search space diversification strategies proposed by Gao, Wang, Ovaska, & 

Zenger [7], we present another parameter called Number of Sub-harmonies (SUBARMO) with the pur-

pose of generating multiple harmonic vectors {1,50}. 

2.5 Solution improvement procedure 

The optimization procedure of the HS meta-heuristic algorithm starts with the initialization of the opti-

mization problem and the algorithm parameters. Then, the Harmony Memory (HM) is initialized and 

the initial harmony (solution vector) is generated (as many as HMS). The improvisation process of a 

new harmony from the HM is based on natural musical performance processes that happen when a 

musician searches for a better state of harmony. When a musician improvises one pitch, usually he fol-

lows one of three rules: (1) playing any one pitch from his memory, (2) playing an adjacent pitch of one 

pitch from his memory, and (3) playing totally random pitch form the possible sound range. Similarly, 

when each decision variable chooses one value in the HS algorithm, it follows any of three rules: (1) 

choosing any one value from the HS memory (defined as memory considerations, HMCR), (2) choosing 

an adjacent value of one value from the HS memory (defined as pitch adjustments, PAR), and (3) choos-

ing totally random value from the possible value range (defined as randomization)[8]. When each deci-

sion variable chooses one value in de HS algorithm, it can apply one of the abovementioned rules. If the 

new vector in the harmony memory is better than the worst harmony vector in the HM, the new harmony 

vector will replace it. The procedure is repeated until the stopping criterion is satisfied (MAXIMPROV) 

[9]. 
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Abstract 

Manufacturing companies often involve processes that exhibit high levels of complexity and 
operate in an environment where optimal production schedules can provide a source of competitive 
advantage.  Features commonly shared by these companies include: (1) production costs represent 
a significant portion of total product price, (2) multiple products share manufacturing infrastructure 
and resources, and (3) production schedules are required on a timely basis.  We have developed a 
sophisticated production scheduling solution approach that combines mathematical programming, 
metaheuristic optimization, and simulation to craft optimal or near-optimal production schedules 
that perform in a reliable and effective manner.  In this paper, we describe our approach and provide 
examples and computational results in a variety of industry case studies. 

1 Introduction 

Manufacturing and packaging companies typically face situations where production costs represent a 
significant portion of the price of their products, creating an environment in which optimal production 
schedules can provide a source of competitive advantage.   For these companies, multiple products often 
share common manufacturing infrastructure and resources, and production schedules are required on a 
timely basis. 

The production planning and production scheduling academic literature is quite vast and includes many 
simulation, pure optimization and hybrid optimization-based approaches to food production scheduling. 
Recent surveys (Jahangirian, et al. 2010) and (Smith 2003) identify more than 20 implementations 
involving discrete event simulation approaches, with more than a dozen others involving alternative 
types of simulation.  Numerous other implementations involve mixed integer programming 
formulations (Wari and Zhu 2016) and metaheuristics (Abakarov, et al. 2009).  However, these 
implementations characteristically make severe simplifications of the processes they are trying to 
represent, consider only portions of a complete process, or do not provide an integrated system capacity 
and job sequencing framework. 

Existing solution approaches for production process scheduling commonly focus on two basic 
questions: 

• When should a specific job be scheduled? 
• What resources should be assigned to perform the job? 

In many cases, companies attempt to answer these questions by applying simple, rule-based heuristics, 
such as sequencing tasks by earliest due date or by the magnitude of their processing times.  More 
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complex rules can be derived by combining two or more simple rules into ratios or products, but the 
basic concept remains the same.  Although appealing for their simplicity and intuitive nature, these 
methods usually produce inferior results because they tend to ignore critical task attributes such as 
penalties for tardiness, interactions with other tasks, availability of resources to perform all the work, 
changeover and setup times and costs, etc.  To address these limitations, optimization-based approaches 
can be used.  These methods use mathematical programming techniques to find the optimal solution to 
maximize or minimize some metric, like throughput, capacity utilization, makespan, or operating cost. 

The complexity of most real-world systems often involves several decisions, including: 

• How to size a task 
• How to assign a task to a production line 
• How to sequence the tasks on each production line 

In high product mix environments, where product changeovers are sequence-dependent, the application 
of exact optimization methods is impractical (Lee, Bhaskaran and Pinedo 1997), either because the time 
to obtain the optimal solution is excessive, or because such systems are too complex to be 
mathematically formulated.  In these cases, what is needed is a combination of mathematical methods 
combined with metaheuristic solution techniques and, often, simulation modeling approaches. 

In this paper, we will describe a sophisticated production scheduling solution approach that combines 
mathematical programming, metaheuristic optimization, and simulation to craft optimal or near-optimal 
production schedules in a timely, reliable and effective manner.  We will then demonstrate our approach 
on a variety of production environments, from food processing to construction materials to ecommerce. 

Our approach is especially suited to very complex situations, with a high production volume and a high 
product mix, where sequence dependent constraints, multiple line assignments, scarce resources, and 
tight storage and work-in-process constraints may be present.  In addition, this approach is very effective 
when a major disruption occurs in the plant, and there is an urgent need to quickly reoptimize the 
production schedule. 

2 Methodology 

Our production scheduling approach makes use of the appropriate technologies, either alone or in 
combination, depending on the situation.  What every implementation has in common, however, is the 
technological framework.  The framework can be described as a scheduling optimization engine, which 
makes use of a diverse set of techniques to obtain an optimal or near-optimal production schedule.  
These techniques include mathematical programming, metaheuristic optimization, and the combination 
of simulation and optimization.  Figure 1 shows a high-level representation of the technology.   

Even if highly complex, certain production environments are tractable enough that they can be solved 
with the Optimization Engine (OE) alone.  Examples are operations where production lines are 
independent of each other (i.e., there is very little interaction between production lines), and resources 
(such as labor and physical assets) are dedicated to each production line.  Most real-world systems, 
however, exhibit such complexity and interactivity that make it impossible to describe them with a set 
of equations or mathematical expressions.  One instance of such a system is a dairy foods production 
facility.  It may be relatively simple to optimize the schedule of the filler machines and the packaging 
facility, but such a schedule may conflict with the upstream operations in the process.  Good 
coordination between processing and packaging is critical, so that the scheduling of the pasteurization 
step and the sterilization step, for example, are well-synchronized with the scheduling of the filling and 
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packaging operations.  In these cases, we make use of a simulation model which we call the Schedule 
Evaluation Model (SEM).  The SEM is a realistic model of the production facility, which allows us to 
iteratively evaluate schedules suggested by the optimization engine in a simulation optimization sense, 
as shown in Figure 1. 

 
Figure 1: high-level representation of the technology behind OptPro 

Our approach is not designed for situations where using straight-forward rules such as FIFO or EDD 
would suffice.  It is for those situations where  

• multiple products compete for common resources, such as production infrastructure and materials;  
• a good production schedule can turn into a competitive advantage;  
• significant gains can result by optimizing and automating a company’s plant design and production 

schedule, and maximizing the benefit derived from operational processing decisions.   

In manufacturing settings, the approach enables optimal decision making by simultaneously optimizing 
scheduling, sequencing, line-assignment, capacity and layout decisions to meet forecasted customer 
demands.  We demonstrate the benefits of our proposed approach on a set of case studies based on real-
world examples. 

3 Case studies 

We showcase our methodology on implementations in three different industries: (1) construction 
materials, with an example from a pipe insulation production facility; (2) a high-volume ecommerce 
operation; and (3) a liquid foods manufacturing facility.  In all cases, we begin by formulating the 
production scheduling instance as a mixed integer programming problem that discloses its essential 
features. We then describe our solution approach, and report on results from our implementation. 
Finally, we identify the benefits our approach has afforded the company in its real-world setting, 
compared to the scheduling approach that had been in place prior to our involvement. 

 

Schedule Evaluation
ModelOptimization Engine

Define batch sizes
Assign jobs to lines

Sequence jobs

System Performance:
Makespan

Resource utilization
Operating cost
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Abstract

The set k-covering problem is an extension of the well studied set covering problem in which,
given a binary matrix 0-1 with costs linked to the columns, each row is required to be covered at
least k times, by choosing a minimum cost subset of columns. Since the development of the first
metaheuristic for this problem, in 2011, some progress has been reached for solving it and harder
instances have been proposed. This short work-in-progress aims to bring a new application of the
Iterated Local Search (ILS) metaheuristics to explore the set k-covering problem. Some experiments
were carried out to show the direction to be followed in this research.

1 Introduction

Given a binary matrix A = [aij ], where a row i ∈ I = {1, . . . ,m} and a column j ∈ J = {1, . . . , n}, a
column j covers a row i, if aij = 1. Additionally, each column j has a cost cj associated to it. Equations
(1) to (3) define an integer programming formulation for the set k-covering problem. The SCkP is a
NP-hard problem whose solution consists in finding a minimum-cost subset S of columns of matrix A,
such that each row of the latter is covered by at least k columns in S [6].

min
n∑

j=1

cjxj (1)

subject to:
n∑

j=1

aijxj ≥ k, i=1,...,m (2)

xj ∈
{
0, 1
}
, j=1,...,n (3)

where xj indicates whether column j belongs to the solution (xj = 1) or not (xj = 0).
This problem was tackled initially by Pessoa et al. [4, 5] with the proposition of a Greedy Random-

ized Adaptive Search Procedure (GRASP) hybridized with path-relinking, as well as with a Lagrangean
heuristic. A benchmark of 135 instances, with up to 400 rows and 4000 columns, were generated by
deriving classical instances of the set covering problem [2]. Al-Shihabi [1] developed a hybrid Ant
Colony-based algorithm that performs a linear relaxation of the set k-covering problem to classify the
subsets based on reduced costs, aiming to restrict and guide the building of feasible solutions. Local
searches are applied on the obtained solutions. Wang et al. [8] proposed a local search heuristic, called
DLLCCSM (Diversion Local Search based on Configuration Checking and Scoring Mechanism). This
method is based on a strategy of neighborhood configuration analysis of each subset in each potential
solution. Besides, a scoring mechanism directs the addition or removal of a subset at each iteration of the
algorithm. Recently, Wang et al.[7] improved the subset configuration analysis strategy and the scoring
mechanism present in the DLLCCSM heuristic by proposing the MLQCC search algorithm. The up-
dated method is composed by the scoring procedure ML (multilevel) and the configuration strategy QCC
(Quantitative Configuration Checking). The authors also presented a pre-processing step applied to re-
duce the search space of the problem, based on the possibility that some rows could be covered by only k
columns. The experiments presented by Wang et al. [8] and Wang et al. [7] were carried out on instances
with maximal dimensions of 1000 rows and 10000 columns, in addition to those proposed by Pessoa et
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al. [4], recording important advances in solving the set k-covering problem. The results obtained by the
heuristics were compared with those found by running a mathematical model on a commercial solver.

2 Proposed Method

The proposed algorithm for solving the set k-covering problem is based on the Iterated Local Search
(ILS)[3]. This is a two phase method where, initially a feasible solution is built by a greedy constructive
procedure followed by a local search method that attempts to improve the incumbent solution. Then,
this locally optimum solution is given to an iterative process of perturbation-local search-acceptance
criterion.

The ILS customized for the set k-covering problem builds an initial solution by sorting the columns
in the increasing order of their costs and, subsequently, inserting the smallest cost columns, one at a time,
until all rows are k covered, i.e, until the subset of columns belonging to the solution is able to cover
each row, at least, k times. Next, a local search composed by the combination of the 1, 0-exchange and
1, 1-exchange neighborhoods is applied. The 1, 0-exchange neighborhood search attempts to the remove
redundant columns. On the other hand, the 1,1-exchange neighborhood replaces a column in the solution
by a lower cost column which is not in the solution.

Within the cycle of perturbation-local search-acceptance criterion, the perturbation step is performed
by removing a certain number of randomly chosen columns from the solution (which leads to an un-
feasible solution), followed by the iterative process that inserts columns in the solution until it reaches
the feasibility again. The number of columns removed, which identifies the strength of the perturbation,
is calculated from a perturbation factor that multiplies the total number of columns belonging to the
solution. The local search is the same applied on the initial solution, and the acceptance criterion only
considers improving solutions.

3 Computational Results

In order to evaluate the performance of the proposed structure, experiments were carried out on some of
the instances proposed by Pessoa et al. [4], who also defined three levels of coverage factors (k factor)
required for each instance, as follows: kmin : k = 2; kmax : k = min

∑n
j=1 aij , i = 1, ...,m; and,

kmed : k = (kmax + kmin)/2.
For this study, seven test instances were selected from the OR-Library [2]. Each one with a different

combination of the numbers of rows and columns, varying from 200 to 400 rows, and from 1000 to 4000
columns, as well as its density. Readers are referred to the work of Beasley [2], in order to obtain infor-
mation about the instances scp41, scp51, scp61, scpa1, scpb1, scpc1 and scpd1. On each instance, the
three above-described coverage factors were applied, so that a total of 21 test instances were considered
in the experiment.

The computational experiments were performed on a Intel Core i7-8550 U CPU @ 1.80GHz running
Linux Ubuntu 18.04. Each run was limited to a single processor. All codes were implemented in C++.
The results were compared to the best known solutions (BKS) reported in [7]. In order to ensure a fair
comparison, the time limits for the execution of the proposed method on each instance were adjusted to
the used computer according to the time limits described by Wang et al. [7].

Given the importance of the perturbation strength, the aim of this experiment is to evaluate differ-
ent values for such parameter. To evaluate each parameter value, eight runs were carried out for each
instance, giving different initial seeds to the random number generator. The study focused on four per-
turbation factors, as showed in Table 1. First column brings the k factor, each one encompassing seven
out of the 21 instances. Then, below each perturbation factor are the %ADev and %BDev comparative
metrics. %ADev refers to the average (over all instances within that coverage factor) percentage devia-
tion from the average (over the eight runs) of the solution costs to the BKS. On the other hand, %BDev
refers to the average (over all instances within that coverage factor) percentage deviation from the best
(over the eight runs) solution costs to the BKS. Due to the increasing in the solutions quality observed
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when perturbation factors smaller than 0.05 were applied, a strategy of a variable perturbation factor was
examined. In the Rand strategy, at each iteration of the ILS, a perturbation factor is randomly chosen
from the interval [0..0.05]. The benefits of applying the random approach can be observed, particularly,
in the line Total which consolidates the results over the 21 instances. Although, this good performance
is not evident for all coverage factors, this idea is worth further investigation.

Table 1: Results obtained with different perturbation factors for 21 instances, grouped by coverage factor

Perturbation factor

0.05 0.03 0.01 Rand

k factor %ADev %BDev %ADev %BDev %ADev %BDev %ADev %BDev

kmin 3.42 2.11 2.24 0.99 4.82 4.28 2.52 1.23
kmed 6.28 5.74 6.87 6.37 4.82 4.31 5.33 4.75
kmax 5.85 5.47 5.44 4.95 4.79 4.43 4.83 4.25
Average 5.18 4.44 4.85 4.10 4.81 4.34 4.23 3.41

4 Next steps

The focus of this work was to investigate the application of an ILS metaheuristic for set k-covering
problem. The results showed that the proposed algorithm was able to lead to solutions whose average
deviation varies from less than 1.0% to about 6.5%, depending on the perturbation and the coverage
factor. Besides, the strategy of using a randomly chosen perturbation factor showed promising results.

In the near future, greater emphasis will be given to the ILS self-tunning, by extending the experi-
ments on the Rand strategy. Additionally, the components of the proposed method should be improved in
order to reach a better performance when tackling the classical instances of the set k-covering problem.
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Extended Abstract 

The 3D irregular packing problems are part of the combinatorial optimization problems (COP) [1], 

which have a high mathematical and computational complexity. In addition, these problems have a wide 

spectrum of applications in the industry where their solutions require to be of high quality and to be 

obtained in short computational times [2]. 

The problem to tackle in this work is to minimize the volume of a cuboid in which three-dimensional 

concave polyhedrons of different types are packed, and free rotation of the pieces is allowed. In the 

typology proposed by Wäsher et al. [3], this problem can be classified as: 

• Dimensionality: three-dimensional. 

• Kind of assignment: input minimization. 

• Assortment of small items: this criterion may vary from weakly heterogeneous assortment 

to strongly heterogeneous assortment, depending on the nature of the instances. 

• Assortment of large objects: one large object. 

• Shape of small items: irregular. 

To solve the COP, several methodologies have been proposed that usually involve heuristics, since 

efficient solutions are obtained with them. Lately, combinations of various techniques have received 

great popularity especially the mixture of heuristics and simulation called sim-heuristics, due to the 

increase in computational power and the development of simulation software. 

In this work, a tool based on a sim-heuristic is developed using Unity®, a video game engine. 

Unity® incorporates colliders, a tool that can verify the overlapping between pieces and between piece-

cuboid. Besides, Unity® allows programming heuristics based on movements, collisions, and forces 

that provide a convincing physical behavior of the elements (pieces and cuboid) due to the incorporated 

physics engines. 

The approach of this work is to perform simulations of 3D irregular packing of pieces that will be 

subdued under forces (movements) and collisions that will change their position. When the positions of 

the pieces allow the cuboid to be smaller, the faces of the cuboid will move towards the pieces to com-

press the volume of the cuboid. 

The proposed method considers three sections. First, the pieces are enclosed in a sphere using the 

algorithm presented in [6], this is done in order to facilitate their initial ubication inside the cuboid based 

on the biggest sphere. Second, the pieces are subdued under an increased gravity force and movements 

of the box that induce movement of the pieces within the cuboid. Third, the faces of the cuboid move 

towards the pieces in order to decrease the volume of the cuboid. The latter are framed in a Tabu Search, 

in such a way that the simulation does not return to already visited states [7]. Therefore, the transition 

mechanisms are the simulated accelerations and the search strategy is a simple Tabu Search algorithm. 

In order to compare the performance of this approach with the results available in the literature, the 

instances used in this work are classical instances of concave pieces such as those found in [4], [1] and 
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[5]. The Figures 1 and 2 show the pieces of an instance of the problem and the proposed method, re-

spectively. 

 

Figure 1: Type of pieces used in this work [5] 

 

    

(a) (b) (c) (d) 

Figure 2: Example of the proposed sim-heuristic for the instance 20 [5].  

(a) shows the initial position of the pieces using the spheres of each piece.  

(b) shows the pieces subdued under the gravity force.  

(c) shows the movement of the top face of the box towards the pieces decreasing the volume.  

(d) shows the final result of the sim-heuristic obtained after moving the box in several ways 

and moving the faces of the box towards the pieces to decrease the volume of the box. 

Key words: Irregular 3D packing, sim-heuristic, concave pieces, Unity®. 
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Abstract 

The material cutting process consists of two highly complex problems: First, it is necessary to find the 

optimal cutting pattern or location of the pieces within the plate such that the used area is maximized. Second, 

it is necessary to find the cutting sequence over the plate so that the pieces are extracted in the shortest possible 

time. The structure of the sequencing cutting problem can vary according to the technology used in the process. 

In the literature, this problem is addressed through exact and approximate optimization. In industries where 

material can be considered a commodity, the sequencing phase is decisive due to the need to achieve an eco-

nomic and efficient operation. Due to this fact, the computing time required by the optimization methodology 

is included as part of the problem’s total processing time. These types of minimization demand heuristic pro-

cesses to be specialized in such a way that a good solution is guaranteed, and exact models to use non-conven-

tional formulation techniques in search of computational efficiency. This study shows an exact and heuristic 

approach to solve the bidimensional sequencing cutting problem, under the use of an industrial manipulator 

integrated to a plasma cutter. Both approaches are compared through benchmarking, using the classic cutting 

instances from the literature. The possibility to analyze and include the quality of the pieces, given the cutting 

sequence, is left as a future work proposal.   

1 Introduction 
The problem of two-dimensional sequencing for material cutting processes originates when it is nec-

essary to extract multiple smaller rectangular pieces of diverse dimensions from one large rectangular plate 

[1]. This particular problem is relevant in various industries that deal with various materials that must be 

cut and adjusted so that their dimensions meet the requirements of each customer. The objective is to find a 

cutting sequence for a given set of pieces such that the sum of the time of the cutting process and the com-

putational time required for mapping such process is minimized, all with the purpose of increasing produc-

tivity and reducing the costs associated to machinery, workforce and infrastructure [2]. 

The problem of bidimensional sequencing for material cutting processes can be represented as a graph 

𝐺 =  (𝑉, 𝐸) where the set of vertices V is composed of the extreme points of every piece that shall be cut, 

while the set of edges E is in turn divided in two subsets (𝑆, 𝐻) ⊆  𝐸.  S represents the subset of mandatory 

edges (the pieces that must be cut exactly once by the industrial manipulator to guarantee and maintain the 

quality of the extracted piece) while subset H, of size |𝑉2| contains all the possible aerial movements the 

industrial manipulator can make in order to reach any particular corner of the remaining pieces to be cut. 

Therefore, flowing over the edge (𝑖, 𝑗)  ∈  𝑆 would mean to effectuate the cut between vertex(𝑖, 𝑗)  ∈  𝑉; 

while flowing over the edge (𝑖, 𝑗)  ∈  𝐻 would mean to travel between vertex i and vertex j through the air. 

It is possible then to define route R as a feasible solution to the problem given that, starting in source 

node (0,0), R flows exactly once over every edge (𝑖, 𝑗)  ∈  𝑆. Considering that the objective of the study is 

to minimize the total processing time for a particular instance, it is necessary to define a function that com-

putes total time of route R as 𝑓(𝑅)  =  𝑔(𝑅)  +  ℎ(𝑅), where 𝑔(𝑅) is equivalent to the sum of the cutting 

process and air movement times, and the computational time is ℎ(𝑅).  
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2 Proposed Methodologies 

Linear Programming Model 

For the first optimization methodology (MIP), the initial network must be modified. A routing network 

is defined by creating two additional nodes for each mandatory edge. These nodes correspond to the two 

possible ways of making a cut between point A and point B (𝐴 − 𝐵, 𝐵 − 𝐴), and are designated as cutting 

nodes. Node (0, 0) is connected to the starting node (𝑛𝐼), and all nodes corresponding to a vertex are con-

nected to the end node (𝑛𝐹). The purpose of this network is to trace the cutting route. To accomplish this, 

the supply of 𝑛𝐼 is set to 1 and the demand of 𝑛𝐹 is set to -1. This parameter is set to 0 in every other node.  

 In addition to this, a second network called auxiliary network is designed. This network is very similar 

to the previously described routing network, but it is intended to ensure every cut within the problem; 

namely, it ensures that at least one of the cutting nodes is visited. To accomplish this, instead of connecting 

every vertex to an end node, each pair of cutting nodes is connected to a demand node. For this network, 

the supply of node 𝑛𝐼 equals |𝑆| and the demand of all demand nodes is set to -1. 

The proposed MIP uses both networks in a joint manner, aiming to create a unique uninterrupted route 

or cutting pattern that visits every pair of nodes that make up a mandatory edge. Given that each network is 

associated to a different flow variable 𝑥𝑖𝑗 and 𝑦𝑖𝑗, additional constraints must be included to link the varia-

bles of both networks, ensuring a certain pair (𝑖, 𝑗) ∈  𝑆 is only assigned to the resulting route if the con-

straints for both networks are met. 

Because of the nature of the solution of the proposed formulation, it is impossible to trace the order of 

the resulting cutting pattern without additional processing. Given the fact that the formulation ensures each 

node is entered and exited an equal number of times, the MIP solution corresponds to an Eulerian graph. 

Lastly the Hier-Holzer algorithm is executed over this graph, resulting the cutting sequence of the problem. 

Metaheuristic approach 

For the second proposed methodology a GRASP algorithm is adapted to the problem. The GRASP as 

presented in [3], is composed of two phases: construction and improvement, where the best solution ob-

tained is saved after all iterations. After identifying all mandatory edges (𝑖, 𝑗) ∈  𝑆, a constructive algorithm 

must follow two procedures depending on the source node of the problem (𝑛0). If the position of the ma-

nipulator corresponds to a node that makes up a mandatory edge (𝑛0 ∈ 𝑆), there are four possible edges to 

flow through to cut the material. In the opposite case, if the position of the arm corresponds to a vertex that 

makes up a non-mandatory edge (𝑛0 ∈ 𝐻), the arm will have |𝑆| + 1 possible alternatives to move to a node 

that makes up a mandatory edge.  

To decide which edge (𝑛0,𝑛𝑗) must be used, a restricted list of candidates (RLC) is created with the 

most promising candidates for the objective function. Each candidate is evaluated to verify if it must be 

included to the RLC. Once the RLC candidates are properly identified, a random candidate is selected. This 

procedure is repeated until 𝑆 = Ø, meaning that all mandatory cuts have been made.  

It is necessary for the construction phase to link to the characteristics of the different instances of the 

problem. As such, parameter α, which limits the size of the RLC, is not fixed as suggested in [4]. A training 

phase corresponding to 30% of the total iterations is done to select the value of α, according to a subset of 

possible values and their respective results. In this way, the value of α for the remaining iterations is selected 

according to the probabilities associated to the performance obtained by the historical values of α. This 

reactivity is done to generate robustness in the algorithm and obtain better solutions. 

In this study, an improvement movement is considered for the global solution of the generated route. 

This movement consists of a swap between the nodes of two edges that are included in the route, breaking 

two edges and repairing the route with two new edges. All possible swaps are evaluated, and only the best 

alternative is executed until there is no possible improvement. 
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3 Results 
The mathematical model described above was implemented in Python 3.6 and solved using Gurobi 

8.1.0, while the algorithm GRASP was implemented in programming language C++. Both methodologies 

where executed with hardware Intel® Core™ i7-7700HQ CPU @ 2.80GHz, RAM16GB and operating sys-

tem Windows 10 Enterprise 64 bits. The set of instances proposed by J. Beasley [5] was run and the average 

result for each of these, as calculated through both methodologies, is presented in Table 1. The GRASP 

algorithm was calibrated with a fixed number of 250 iterations while a maximum execution time of one 

hour was set in Gurobi ®. As can be observed in Table 1, the GRASP algorithm reaches the optimal opera-

tional material cutting time only for the set of instances defined as M. However, computational times are 

relatively inferior than those for MIP methodology leading to a GAP of -34.43% in the total processing time.  

    APT B GCUT HZ M U UU 

GRASP 

Cutting Time (s) 80,87 101,35 39,97 4,18 9,78 218,91 34,63 

Computing Time (s) 0,48 0,52 0,21 0,08 0,04 0,46 0,11 

Total Processing Time (s) 81,34 101,87 40,18 4,26 9,81 219,37 34,74 

MIP 

Cutting Time (s) 77,27 101,11 37,59 3,95 9,78 213,70 34,45 

Computing Time (s) 1,03 0,98 0,44 0,29 5,19 1,31 0,39 

Total Processing Time (s) 78,30 102,09 38,02 4,23 14,97 215,01 34,84 

GAP (%) 3,89 -0,21 5,67 0,60 -34,43 2,03 -0,30 

Table 1. GRASP and MIP results for classic cutting instances. 

The results obtained by the MIP methodology are better in four groups of the proposed instances, this 

is due to the difference in the quality of the proposed solutions with specific regards to cutting process times 

resulting in a GAP between 0.6% and 6%. The GRASP algorithm has better performance in three of the trial 

instances, where it is evident that computational times are inferior, and the quality of the solution has slight 

differences. When analyzing the general GAP between both techniques it is possible to infer that the GRASP 

algorithm has better performance.  

4     Conclusions 
Two solution alternatives were implemented for the two-dimensional sequencing for material cutting 

problem: the GRASP algorithm and a MIP based on network flow modelling, aiming to compare the per-

formance and quality of the solutions (measured in processing times). The results present a better general 

performance for the GRASP algorithm regarding computing time, even though it presents small differences 

regarding the cutting time. The network modelling done for the MIP allows for optimal results to be reached 

in considerable computing times, reducing processing times significantly.    

As future work, an incorporation of the quality of the obtained pieces regarding the trajectory of se-

quencing is proposed, with aims to avoid reprocesses and loss of material.  
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Abstract 

Supplier selection plays a key role in achieving the objectives of a supply chain system. Multiple 

strategic, operational, quantitative, and qualitative criteria influence the supplier selection process. 

A wide spectrum of criteria have been introduced, classified, and used by researchers and practition-

ers to evaluate the suppliers’ performance; however, measuring and employment of all of these cri-

teria is impractical in real-world scenarios due to the budget, time, and information limitations. In 

this study, a Decision Support System (DSS) is proposed to help managers identify the most signif-

icant criteria for the supplier selection process. This DSS is a two-fold integration of Multi-Criteria 

Decision Making (MCDM) and Simheuristic where a Metaheuristic algorithm is combined with a 

simulation module. In an iterative manner, the Metaheuristic algorithm changes the setting of the 

MCDM, until the best/good combination of the criteria for the supplier selection process are ob-

tained. The simulation model is utilized as a cost function of the Metaheuristic algorithm, in which 

the performance of the generated solutions (MCDM settings) are tested. 

 

1 Introduction 

To improve the performance and focus on core business, numerous firms have been downsizing and 

outsourcing extensively [1]. In manufacturing industries, a large portion of sales revenue is spent on 

materials, parts, and equipment. According to [2], the raw material purchased from outside vendors 

constitutes 40%–60% of the unit cost of a product for the most U.S. firms. Manufacturers can reap large 

profits from a small percentage reduction in the cost of materials, which makes supply chain manage-

ment a key competitive weapon [3]. A structured and rigorous supplier selection and evaluation could 

considerably improve organization performance and final product quality [4], and in return substantially 

create more cost savings for the supply chain [5]. Additionally, companies hope to establish a long-term 

relationship with suppliers to achieve cost competitiveness and excellences in services [6], which makes 

the importance of supplier selection procedure even more pronounced. 

Essentially, supplier selection is a complicated multi-criteria decision-making (MCDM) process which 

contains a multitude of quantitative and qualitative metrics, aiming to reduce the initial set of potential 

suppliers to the well-rounded choices [7]. Finding appropriate and adequate criteria is a primary chal-

lenge in supplier selection and could fundamentally affect the overall outcome. Defining the most ef-

fective criteria is not trivial and requires careful analysis, which is key to getting a qualified supplier. It 

is obvious that the more criteria are involved, the more likely it is that decision is accurate. But, on the 

other hand, measuring the criteria requires a lot of effort, whereas changing customer preferences require 

a broader and faster supplier selection [8]. In some cases criteria are fairly intangible in which assigning 

trustworthy scores for intangible criteria is not intrinsically a straightforward task and is not easy to 

measure [9], [10]. Therefore, assigning exact numeric scores to represent preferences among criteria is 

a fundamental challenge for decision makers [10]. This issue becomes more critical for firms which 

periodically need to evaluate and re-select their supplier(s). Criteria selection and measurement could 

induce additional cost on these firms due to the efforts for obtaining suppliers information. 

In addition, due to the associated complexities and uncertainties in supply chain systems, including all 

possible criteria to analysis may not necessarily lead to the best supplier selection. Each firm has a 

different strategy in the supply chain in terms of the characteristics of the product, and does not neces-

sarily to include all the criteria into a final decision making [11]. As stated by Holm and Vo [12], there 

might be a mismatch between supplier selection practices and supplier evaluation criteria, and that the 

theoretical models provided by researchers may not be prominent in real world applications. Basically, 
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the effect of selected supplier(s) on the supply chain performance needs to be conducted in a real-world 

setting rather than numerical data-based problems. In other words, buying companies need to establish 

criteria relevant for own organization [12] which could reflect the real drivers of profit for the firm [13].  

As a result, instead of considering all the criteria, it is more practical to quantify major criteria that 

cumulatively fulfill the supply chain requirements and have the major impact. Limiting the number of 

criteria to the most effective ones permits decision-makers to easily investigate suppliers performance 

in a reproducible and timely manner with minimal effort.  

To address the above-mentioned issues, this paper introduces a threefold integrated framework consist-

ing of optimization, MCDM, and simulation scheme. This hybrid model determines the most appropriate 

and practical criteria for supplier selection process and provides their corresponding weights. In an in-

teractive manner with a simulated environment, the performance of the different combinations of sup-

pliers is evaluated until desirable solution is found. Therefore, through this paper, the following contri-

butions are made: 

• Define, design, and develop a practicable decision support system for supplier selection 

• Offer a method to distinguish important from unimportant criteria 

• Calculate the weight of important criteria for decision making  

• Evaluate the performance of selected supplier in accordance with a real-world system by using 

simulation 

2 Framework Design and Implementation 

This section presents a description and discussion of the design and technical implementation of the 

proposed Simheuristic framework integrated with MCDM. A detailed structure of the proposed frame-

work is illustrated in Figure 1. To support the aforementioned goals for the supplier selection process, 

this DSS is built upon three modules including (i) optimization (Metaheuristics), (ii) multi-criteria de-

cision making (MCDM), and (iii) simulation. 

 

 
 

In this recursive procedure, optimization module is the initial step, in which a shortlisted set of criteria 

and their corresponding weights are selected. Essentially, in every iteration of the framework, the opti-

mization algorithm generates a new solution, which is decomposed into two different responses. The 

first response determines the list of selected criteria to be used by MCDM module, and the second one 

defines the corresponding weight or importance of criteria that are selected. Therefore, in every iteration 

of the model, the selected criteria and their weight are subject to change based on the generated solution 

given by the Metaheuristic algorithm.  

The provided responses from the optimization module are transferred to the second stage to deploy a 

supplier selection process. At this point, the MCDM module takes the role of judging supplier alterna-

tives using the provided criteria and weights from the optimization module. MCDM module uses a 

structured and numerical approach to find a set of top suppliers from the decision matrix. The obtained 

solution at this stage consists of a list of top suppliers and their proportion. The supplier proportion 

indicates how much percentages of the total demand is supplied by each supplier, and all add up to 

100%.  

The third component of this framework is the simulation module, which provides a detailed representa-

tion of the real-world supply chain system, with its dynamic processes and stochastic events. Simulation 

Figure 1: Design of the proposed simulation-optimization framework integrated with MCDM 
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offers a testbed to evaluate the impact of the selected supplier(s) from the decision-making module on 

the supply chain system performance. In each iteration, the simulation model considers the characteris-

tics of the new selected suppliers while running the model. Therefore, simulation results effectively 

reflect the efficiency of the selected suppliers for the actual supply chain system. Once the simulation 

run is completed, the system performance measure is sent to the optimization module to generate the 

next solution. The cycle continues until the stopping criteria are met.  

Depending on the supply chain system structure and business needs, any number of criteria or suppliers’ 

alternatives could be included in this framework. A decision maker could easily consider a list of poten-

tial factors which intuitively might be crucial for the supplier selection process, and ultimately discover 

a limited set of the most important ones. Moreover, this approach removes the need of criteria weight 

configuration. The criteria weights are automatically calculated, and thereby, another layer of complex-

ity is removed from the problem. Therefore, this framework identifies a shortened list of important cri-

teria with their weights. This could benefit the decision makers by reducing the time and efforts required 

to perform the decision-making analysis in the future.  

This framework could be applied either for a single-source or a multiple-source strategy supply chain 

system. If a single source strategy is desired, the model tries to find the most efficient supplier for the 

system; however, if the multiple-source strategy is attempted, the model provides a pool of suppliers 

with a supply proportion for each. The supply proportion indicates how much percentage of the demand 

is covered by each supplier(duplicate). Last but not least, using simulation model ensures that the se-

lected supplier(s) has(have) a good fit for the real-world system.  

Essentially, the developed framework is a simheuristic model, in which a metaheuristic algorithm is 

incorporated with a simulation model. As shown in Figure 2, the framework starts with the Initial Deci-

sion Matrix which includes all of the predefined criteria. The objective of the optimization module is to 

find the most relevant, practical, and useful criteria for the supply chain system. To do this, Genetic 

Algorithm (GA), which is a powerful evolutionary algorithm, is used as the optimizer of the model. 

Each chromosome (solution) derived from GA is translated into responses to obtain a pair of selected 

criteria and their corresponding weights. Then, the Initial Decision Matrix is updated, and un-selected 

criteria are removed. Therefore, the updated decision matrix is a cross table of supplier alternatives and 

the selected criteria. At this point, the decision-making algorithm which is TOPSIS is triggered to find 

the set of preferred suppliers and their proportion. 

 

 
 

In order to incorporate the suppliers’ characteristics into the simulation model, a input data table is cre-

ated in excel, which provides suppliers info for the Simio model. Whenever the combination of the 

suppliers’ changes, the input table updates. Therefore, after each TOPSIS run, the simulation input data 

is adjusted according to the new selected suppliers. At this point, simulation model is ready to run. To 

trigger Simio from MATLAB, the developed module by [14] is used, which particularly calls Simio and 

runs experiments, and provides the simulation results. The provided results from Simio are used as a 

Cost Function for GA to determine the quality of the solution (selected criteria and weights). At each 

iteration of GA, the best solutions are retained, and the process repeats until the algorithm reaches its 

stopping criteria. 

  

Figure 2: Software architecture of the proposed framework 
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Extended Abstract 

 

This paper addresses the Batch Assignment and Sequencing problem considering multiple pick-

ers and due dates of the orders that must be delivered in a warehouse. Order-picking systems in 

warehouses have been widely studied in the literature given their importance of making them more 

efficient due to the high costs and consumption of resources. In the process the orders are grouped 

in batches to be assigned and sequenced by the pickers equipped with a roll cage that will make 

tours through the warehouse where they must make stops in each of the storage locations of the 

items found in the batch they are recovering. 

This research seeks to minimize the tardiness of the order picking process. The batches are or-

ganized considering the due dates of the orders to avoid incurring delays and cost overruns. The 

problem represents how and in what sequence the batches should be assigned to the available pickers 

to improve warehouse performance. 

Batch Assignment and Sequencing problems are NP-hard, due to the fact that no exact algorithms 

are found that allow solving them for large instances in acceptable computational times. This has 

led different authors to treat the problem through the use of different metaheuristics such as Genetic 

Algorithms (GA), Variable Neighborhood Search, Ant Colony Optimization (ACO), Seed Algo-

rithm, Taboo Search, among others. 

The literature consulted does not evidence studies that provide a solution to the Batch Assign-

ment and Sequencing problem through the use of Simulation Optimization techniques. The simula-

tion has been a method of solution used ultimately. However, with the development of new technol-

ogies and the arrival of computers with more powerful hardware and specialized simulation soft-

ware, they have made it possible to obtain solutions for large instances of NP-hard problems by 

providing shorter computational times for investigations. 

This work, in progress, considers Batch Assignment and Sequencing problem to minimize the 

total tardiness of the order picking process considering due dates of the orders. Each batch is as-

signed in a single sequencing position that the pickers have, to then perform the corresponding rout-

ing. It is assumed that the batches have been previously processed by grouping orders whose sum 

of the number of items does not exceed the capacity of the roll cage with which the pickers have to 

carry out their tours. 

In the use of the metaheuristic, each batch must be assigned to a single picker and have only one 

sequencing position. The pickers do not have a limit number of positions so they can do the collec-

tion of any number of batches existing in the warehouse following the established order. Subse-

quently, the picker proceeds to make the corresponding tour leaving the depot and returning when 

he has visited all the storage positions of the items contained in the batches. Therefore, it is under-

stood that the processing time of the orders corresponds to the time elapsed since they are grouped 

until the picker returns to the depot with the batch in which they are assigned. In this way the tardi-

ness of each order is the positive difference between the moment of the processing of the batch 

containing the order ended and its due date. 

The warehouse that considers this research consists of a manual order picking system including 

two blocks, five selection aisles, three cross aisles and a depot where once the batches have been 

obtained and made their assignment and sequencing, the pickers are prepared to perform the tours 
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for the batches that they will recover. 

In this sense, it is important to bear in mind that the disposition of the articles in the warehouse 

corresponds to an ABC classification of the products with 20 different types of articles. Thus, it 

should be noted that the warehouse has 500 storage locations, so a proportionality is assumed be-

tween the percentage of demand for which each class is responsible and its number of storage loca-

tions. Likewise, the items associated with the classes with the highest rotation are assigned to storage 

locations closest to the deposit. 

From the above, class A is described, with 10% of all types of articles with the highest rotation, 

responding to 52% of the total demand. On the other hand, class B contains 30% of articles with an 

intermediate rotation responsible for 36% of the total demand and also, class C covers 60% of arti-

cles with the least rotation and, therefore, the lowest percentage of demand with 12%. 

To minimize the picking time, in conjunction with the Flexsim 2019 simulation software, two 

metaheuristics are being used: A Seed Algorithm for the initial solution of the problem and a Variable 

Neighborhood Search (VNS) to improve the initial solution. In this way, from the seed algorithm 

orders are organized from lowest to highest due date for the assembly of batches that contain them 

without exceeding the capacity of the roll cage, which corresponds to 45 units, to be subsequently 

assigned and sequenced in the sequencing positions of the pickers. 

Initially, said algorithm is tested with 90 and 180 orders for the assembly of batches. The articles 

of these orders are evenly distributed in a range of 5 to 10 for each order and were generated accord-

ing to the demand percentages of each class established as previously described, that is, 52% of all 

articles of the generated orders correspond to class A, 36% to class B and the remaining 12% to class 

C. 

For its part, the VNS algorithm is used to improve the initial solution in the assignment and 

sequencing problem, so the batches will not change the orders contained in them, but the processing 

times given by the simulation vary once this has been started to determine the total tardiness until 

the VNS can find a local optimum. This algorithm works through an exploration of the solution 

space through a sequence of neighborhood structures that go from N1 to Nn. The process begins 

with the initial solution s' and the best neighbor is established with solution s of N1 considering the 

value obtained for the objective function. Then, if s is a better solution than s', s becomes the new 

solution and the first neighborhood structure N1 is reconsidered. If the above does not happen, the 

next neighborhood is explored until the algorithm cannot find an improvement in the last structure 

of the neighborhood Nn, finding a local optimum with respect to the other neighborhood structures. 

Consequently, it was found that with the use of Simulation Optimization it is possible to reduce 

the picking time between 10 and 20 percent when due dates are loose. However, in order to simulate 

a more realistic order-picking system, it is necessary to evaluate larger instances with more tight due 

dates as they are normally in the different warehouses. It is for this reason that this research is on-

going in order to achieve better solutions for the problem posed. 

When addressing the problem of the way described above, a methodology is applied that allows 

dealing with more real instances considering stochastic aspects through the use of a simulation 

model. In this sense, with the implementation of simulation techniques it is possible to observe 

measures of system performance such as the percentage of resource utilization, service level, process 

response time and other variables that cannot be easily observed when only metaheuristics are used 

to find a solution. 

In addition, it is worth mentioning that it is possible to extend the bases acquired when carrying 

out this research work to other future projects that present similar problems. In this sense, problems 

such as those treated in Which items should be stored together? A basic partition problem to assign 

storage space in group-based storage systems (Dominik Kress, Nils Boysen & Erwin Pesch, 2016) 

where a basic partition problem is considered, which when resolving it allows access to the minimum 

number of sets containing Stock Keeping Units (SKUs) to retrieve orders according to an established 

collection policy. For its part in Order picking with multiple pickers and due dates - Simultaneous 

solution of Order Batching, Batch Assignment and Sequencing, and Picker Routing Problems 

(Scholz, A., Schubert, D., & Wäscher, G., 2017) is regarded as future research to deal with the same 

problem presented in this article with narrow corridors and blockers of the selector, so when per-

forming a simulation model it would be possible to visualize different aspects of the behavior of the 

order picking process according to the particularities presented by the different storehouses. 

 

Keywords. Metaheuristic, order picking process, simulation, variable neighborhood search. 
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Abstract
Fast delivery is one of the most popular services in e-commerce retail. It consists in shipping

the items ordered on-line in short times (1h, 2h, or same day). The customer orders thus come with
due dates, and respecting this latter is pivotal to ensure a high service quality. We focus through
this work on the order picking process. In a nutshell, order picking consists in regrouping orders into
batches, assigning batches to order pickers, sequencing the batches assigned to each order picker, and
designing the picking tours of each order picker to retrieve the assigned items. To deal with the time-
critical orders, the e-commerce retailers often arrange their warehouses using a mixed-shelves storage
policy, leading unit loads of an item to be located in several storage locations in the warehouse. We
thus assume a mixed-shelves storage warehouse in our problem definition. Furthermore, we allow,
unlike what is classically assumed in the picking literature, the items of a customer order to be
assigned to different order pickers (splitting the customer orders). The objective of the problem is
to design the picking tours of the order pickers to retrieve all ordered items and minimize the total
tardiness of the customer orders. To solve the problem, we propose a two-stage matheuristic. In the
first stage, the algorithm iterates a set of predefined procedures that construct a pool of promising
picking tours. After N iterations, the first stage stops, and the second stage takes place. In this
stage, we propose two mixed-integer programming (mip) formulations (time-based formulation and
position-based formulation) to solve the set covering problem over the pool of picking tours designed
in the first stage. The experiments are still in progress and will be presented in the talk.

1 Introduction

E-commerce grew up significantly in the last decades. To be competitive, retailers have to propose a
high-level services to their customers. One of the most popular services is ”fast delivery“. Indeed,
retailers (such as Amazon) propose their customers to deliver the items ordered on-line in short times
(1H, 2H or same day). This service implies efficient picking and delivery processes. The delivery process
is classically ensured by a third party (taxis, couriers, transport companies, . . . ) or by a fleet of couriers
sufficient to deliver the customer orders in a short time. We thus focus in this work on the order picking
process.

Our problem is defined on a warehouse with a “manual picker to part” system. In such a system, order
pickers start from a depot, walk through picking and cross aisles to pick items stored in shelves (storage
locations), and return to the depot. During a workday, a picker performs several picking tours in the
warehouse. In each tour, he retrieves a batch of items using a pick list in which the storage location of
each item is identified [2]. In addition, the items requested in each customer order have to be retrieved
before a due date. In “fast delivery”, respecting the due date of the customer orders is pivotal to ensure a
high service quality.
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To optimize the picking process, researchers usually focus on: a) how to regroup the customer orders
into batches (order batching problem); b) how to visit the picking locations included in a tour (picker
routing problem); c) how to assign the batches to the order pickers and to sequence the batches assigned
to each picker (batch assignment and sequencing problem). To the best of our knowledge, [2] is the only
article that considers simultaneously the problems a), b) and c). Nevertheless, there are two aspects that
make the difference between the problem defined in [2] and our problem: the storage assignment strategy
and the splitting of the customer orders. The storage strategy assumed in [2] is the traditional storage
assignment strategy (i.e., unit loads of an item are stored in a single shelf). In our problem, we assume
a mixed-shelves storage strategy (i.e. unit loads of an item are scattered in the warehouse). This latter
is known to be well-suited to the business-to-consumer e-commerce, which is characterized by large
assortment of items and time-critical picking orders [1]. It is worth noting that selecting from where to
pick each ordered item becomes an additional problem to consider while assuming this strategy. The
splitting of the customer orders (i.e., to assign items of a customer order to different order pickers) is not
allowed in [2] since it can lead to an unacceptable sorting effort. Nonetheless, computer systems used
in the picking process grew up leading workers, in Amazon for instance, to become both pickers and
sorters. We thus assume the splitting of the customer orders in our problem. In the following we give a
formal definition of our problem:

Consider a complete and undirected graph G = (V, E) that models the warehouse layout, where
V = {0} ∪N is the node set and E = {(i, j) ∈ E : i, j ∈ V, i < j} the edge set. In V , node 0 represents
the depot while the set N represents the locations where the pickers stop to collect items around them
(pick locations). A non-negative weight ti,j is associated with each edge (i, j), and it represents the
travel time between nodes i and j. Figure 1 shows an example of a warehouse with a 2-block layout, the
associated pick locations, and the storage locations available at each pick location. Let O be the set of
customer orders. Each order o ∈ O consists of a set of itemsMo that must be retrieved before a due
date do. LetM be the set of all ordered items. Each item m ∈ M is available at a subset Lm of pick
locations, and the quantity of items in each pick location i ∈ Lm is known to be qm,i. We also associate
a weight wm to each item m. To retrieve the ordered items, a set of order pickers K performs picking
tours using carts of capacity W . Each picking tour v is characterized by a set of pick locations Lv to
visit in order to retrieve a subset of itemsMv that satisfies partially (or fully) a subset of orders Ov. To
complete a tour, we need a fixed setup time βs to prepare it; a search and pick time βp for each item
unit picked during the tour; and a travel time to walk from the depot to the first pick location, between
picking locations, and from the last pick location to the depot.

We aim at finding a solution that defines a set Ωk of sequenced picking tours for each order picker
k ∈ K satisfying the following constraints: i) each item of each order is picked; ii) the number of items
m picked in each picking location Lm does not exceed qi,m; iii) the loads of each tour does not exceed
the cart capacity W ; and iv) each picking tour starts and ends at the depot. Among all feasible solutions,
we seek one that minimizes the sum of the tardiness of the customer orders. The tardiness of an order
o is defined as the non-negative difference between its completion time (the completion time of the last
tour that retrieves an item inMo) and its due date.

2 A two-stage matheuristic

To tackle the problem defined in the section 1, we propose a “route-first assemble-second” approach.
Algorithm 1 describes the general structure of this approach. The first stage of our matheuristic intends
to construct a diverse pool Ω of promising picking tours. The second stage assembles a solution by
selecting a subset of tours from Ω, assigning those tours to the set of order pickers K, and sequencing
the tours assigned to each picker with the objective of minimizing the total tardiness. Lines 1 to 7
depict the first stage of our algorithm. In a nutshell, this stage consists in invoking N times a set of
predefined procedures that construct the pool Ω. At the nth iteration, the algorithm starts by calling
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Figure 1: Two blocks layout

Algorithm 1 two-stages Matheuristic: general struc-
ture
Require: G,M,O,K

1: for n← 0 to N − 1 do
2: Dn ← buildVirtualDeadlines(O)
3: Zn ← buildOrderedItemsList(O, Rn)
4: Ωn ← designTours (G,Zn,Dn)
5: UB ←min(UB,fastSolutionValue(Ωn,O))
6: Ω← Ω ∪ Ωn

7: end for
8: s∗ ← setCovering (G,M,O,Ω,K)
9: return s∗

the procedure buildVirtualDeadlines(O) (line 2) that defines a set of virtual deadlines Dn by
extending n∗B time units the due date of each order. This virtual deadlines will be used by the procedure
designTours to control the ordered items assigned to each tour. Furthermore, extending the due-dates
at each iteration n intends to construct a diversified pool of tours. Then, the algorithm calls the procedure
buildOrderedItemsList(O, Rn) that builds a list of all ordered items (Zn = {(m, o) : o ∈
O,m ∈ Mo}) sorted according to a priority rule Rn (line 3). In practice, several priority rules (earliest
due-date, shortest distance to depot,. . . ) are applied to ensure a diversification in the pool construction.
Next, the algorithm uses the procedure designTours (G,Zn,Dn) to design a set of picking tours
v ∈ Ωn (line 4). Each picking tour v is constructed by: regrouping randomly a subset of ordered
items from Z , selecting a pick location i from where to retrieve each ordered item, and applying a
greedy heuristic to insert i in Lv. Furthermore, the procedure is designed such that the constraints
i), ii), iii) and iv) are satisfied at each iteration n. Next, the algorithm invokes a greedy procedure
fastSolutionValue (Ωn,O). This latter computes a fast solution of our problem by sorting the
picking tours in Ωn according the earliest due date (the due date of a tour v is defined as the due date
of the earliest order in Ov) and returns the associated objective value (line 5). The upper bound of our
problem UB is then updated if necessary. At the end of the iteration n, the algorithm adds to the picking
tours designed during the iteration n to the set Ω (line 6). After N iterations, the first stage stops and
the second stage takes place. In this stage, the algorithm uses a commercial optimizer to solve the set
covering problem (line 8). We thus propose two mip formulations (time-based formulation and position-
based formulation) derived from the scheduling literature. To speed up the second stage, the algorithm
uses the best upper bound UB found during the execution of the first stage. Note that we restrict our
description of the two-stage matheuristic to few pointers. Full details will be exposed during the talk.

3 Computational Experiments

We implemented our two-stages matheuristic in C++ (Visual Studio 2013) and used Cplex Optimizer
(version 12.6.0) to solve the set covering formulation (Algorithm 1, line 6). The experiments are still in
progress. The test problem instances and results will be discussed during the talk.
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Abstract 

The internal logistics in a car manufacture company is an important activity that can lead to 
improve the efficiency of the production and cost reduction. In this work we describe an internal 
logistics routing problem in important automotive company and propose an Iterated Local Search 
algorithm to solve this problem in a realistic environment. This algorithm will be incorporated by 
the company change the actual static system to a more dynamic and automatic one. We study also 
the impact of this new system in the company enable the managers to make better decisions and 
make easier the implementation.  

1 Introduction 

The logistics in the automotive industry plays an important work. Two areas of Logistics can be taken 
into account, the external logistics to deliver the pieces and materials to the manufacture side and the 
logistics to deliver the produced cars to the selling points; on the other side there are other areas of 
logistics, known as internal logistics that it is related with the movement and deliver of pieces inside the 
manufacture company. This last one is less known that the external logistics but optimizing this internal 
logistics activities can lead to a significant improvement in the efficiency of the production as well as in 
the total production cost.  In this work we focus on the optimization of the internal logistics in a car-
assembling company, SEAT S.A, located at Barcelona.  

 
The studied problem is an internal logistics routing problem, that consists in determine the best 

routes to deliver all pieces and material from the warehouse to the car-assembling lines. The company 
actually uses fixed routes that constantly visit the production lines and the logistics operator checks the 
level of stock on the line, decide to place or not an order and also deliver the products ordered before. 
Actually, the company is considering implementing an automatic order system that depending on the 
production schedule, the type of car scheduled to be produced and the pieces and material needed, the 
warehouse receives the orders automatically. Therefore, the logistics operator just needs to collect the 
orders and delivery to the car- assembling line. An important difference between both systems is that in 
the actual situation the logistics operator always does the same route, meanwhile in the new proposed 
system the routes can vary along the day.  

 
The main objective of this work is to propose an algorithm that optimizes the routes in the new 

proposed system. This algorithm must be able to produce efficient solutions in a very short period of 
time, since orders can enter de system in short period of time. And afterwards, realize a computational 
experiment comparing both system using several Key Performance Indicators (KPI) suggested by the 
company to evaluate the potential application of the new system. These KPI consider costs related with 
the system, but also congestion in the car-assembling line as well the impact on the workers and adap-
tation needs that maybe need to be training.  
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To solve this problem, we propose an Iterated Local Search (ILS) [1], since this metaheuristic proved 
to be able to obtain very good solutions in a very short time. We will use real-data from the car assembly 
company to test in a real environment the solutions proposed in this work. For doing this, we have 
developed a simulation system that allows to incorporate all realistic aspect in the study and therefore 
represent as close as possible the real system.  

 
The contribution of this work is twofold; for one side we studied a real important logistics problem 

in the car manufacture industry and for the other one we develop a metaheuristic algorithm and simula-
tion system that incorporate innovative aspects that can be extended to other similar routing problems.  

2 The internal logistics routing problem 

The internal logistics routing problem in the consider company consists in defining the delivery routes 
from the warehouse to the workstations located along the car-assembling line. In the actual system each 
logistics operator working in a shift drive a specific vehicle that runs constantly along the production 
line always visiting the same workstations and doing the following operations at each one: checks the 
level of stock on the line, decide to place or not an order, and also deliver the products ordered before. 
This looks like a bus routing system. As mentioned, the company is studying to change the order system 
by an automatic one where based on the car production schedule, the characteristics of each car to be 
produced and the materials and pieces needed, the system can place automatically the order of the com-
ponents to the warehouse in advance. These orders can then vary significantly along the shift or produc-
tion period, and the logistics operator does not necessarily need to visit all workstation every time he or 
she drives the vehicle along the production line, because the workstation have different needs along the 
production period. For example, a workstation with small pieces maybe needs less visits since it can 
store more pieces in the workstation because it occupies less space, meanwhile a workstation that uses 
a larger piece maybe needs more visits because of the opposite reasons.  
 

Being able to have dynamic routes, i.e. routes that can vary along the production period and depend 
on the automatic order system, is a very different system to the one used traditionally in the company 
and the company wants to be able to implemented it with the less disruption possible and also to be able 
to justify that an important improvement in terms of efficiency and cost reduction will be achieved.  

 
The internal logistics routing problem can be seen as an extension of the well know Capacitated 

Vehicle Routing Problem, [2], with some additional constraints as the congestion on the aisles of the 
production line, the skills of the logistics operator and the dynamic automatic order system. This work 
is also an extension of the work [3]. In this last work, the authors design the fixed internal logistics 
routes to the internal logistics routing problem. These works share the car manufacture company but the 
approach is quite different since in the previous work the automatic order system is not consider.  

 

3 The Iterated Local Search 

To solve the internal logistics routing problem, we propose an Iterated Local Search (ILS) algorithm, 
[1]. The ILS is a popular single-solution based metaheuristics and it is recognized by many authors as a 
relatively simple yet efficient framework able to deal with complex combinatorial optimization prob-
lems (COPs).  
 

LS-based algorithms have been successfully applied to provide near-optimal solutions to different 
problems in the areas of Logistics, Transportation, Production, Finance, Marketing, etc. ILS extends a 
problem-specific local search method by introducing a perturbation in each new local optimal solution 
before restarting the search for a new local optimal solution, therefore can been seen as a search algo-
rithm that considers only local-optimal solutions. ILS is based on four procedures: Generation of an 
Initial Solution, Local Search, Perturbation, and Acceptance Criterion (see Figure 1).  

 
Each component of the ILS is adapted and designed to consider the special characteristics of the 
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particular internal logistics routing problem described in the previous section. 
 
Procedure Iterated Local Search 

 GenerateInitialSolution 

 LocalSearch( ) 

 Repeat 

  Perturbation( ,history) 

  LocalSearch( ) 

  AcceptanceCriterion( , ,history) 
 Until termination condition met 
End 

Figure 1: Iterated Local Search framework 

 

4 Computational experiment 

The main objective of the computational experiment is to evaluate and compare the actual system based 
on fixed routes with the new one, where the routes are dynamically calculated based on the automatic 
order systems. All data is provided by the car manufacture company and several Key Performance In-
dicators (KPY) will be used to evaluate the solutions. The KPY are: the total distance; the number of 
delay orders; the empty spots in the vehicles; and the congestion produced in the aisles. The system will 
be tested in different car-assembling lines with different number of workstations that can vary from 50 
to 150 and also different types of materials that in some cases can be delivered from different ware-
houses. At this moment we are performing the computational tests, that it will be present in the confer-
ence. The preliminary results show that the algorithm is able to produce very casi-optimal solutions in 
a very short period of time and comparing with the actual system, it led to a significant improvement. 

5 Conclusions 

In this work, we consider a real internal logistics problem in a car manufacture company and the main 
objective is to study and evaluate the implementation of a new automatic order system. We have devel-
oped an Iterated Local Search to calculate in a short period of time the best routes, based on the orders 
received along the production time. We will present the complete computational study in the conference, 
that due the preliminary results obtained, we are confident that will produce good routes and it would 
improve in terms of quality and overall costs the actual system. Also, the system will help the managers 
to make good decisions and be able to implement the new system with less disruption possible in the 
business.  
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Abstract

The metaheuristics have become a powerful tool to solve real-world optimization problems. Its
ease adaptability, usually demands effort to correctly define its components (e.g.: problem repre-
sentation, neighborhood structure, etc.) and parameters to achieve their best performance. Thus,
this paper aims to present an approach on the fine-tuning of metaheuristics combining Design of
Experiments and Racing algorithms. The key idea is a heuristic method, which explores a search
space of parameters looking for candidate configurations near of a promising alternative and con-
sistently finds the good ones. To confirm this approach, we present a case study for fine-tuning a
VNS metaheuristic on the classical Traveling Salesman Problem, and compare its results against a
well established racing method. In general, our approach proved to be effective in terms of the
overall time of the tuning process.

1 Introduction

The algorithms for solving optimization problems, in special the metaheuristics, are highly adaptable
to a wide set of problems. However, this feature usually demands a huge effort in the definition of its
components (e.g.:  problem representation,  neighborhood structure,  etc.)  and parameters to achieve
their  best  performance.  Thus,  since the last  decades  there  has  been a  growing academic interests
around the automated methods to assist in the fine-tuning of metaheuristics, highlighting the use of
Design of Experiments [1, 2, 3], Racing algorithms [4], Neural Networks [5, 6], Fuzzy sets [7], statis-
tical modeling [8, 9] and many others.

In this paper we present an approach on the fine-tuning of metaheuristics combining Design of Ex-
periments (DOE) [10] and Racing algorithms [11, 4] in a heuristic method. The proposed approach
brings together  some characteristics  from different  fine-tuning strategies  of  the  literature,  such as
CALIBRA [12], I/F-Race [13, 4] and ParamILS [14], in a single heuristic method with the ability to
define a search space, and the efficiency to focus the search on candidate configurations within the
aforementioned search space. To validate our approach, we present a case study with the VNS meta-
heuristic applied to the classical Traveling Salesman Problem (TSP).

The rest of the paper presents the problem of tuning metaheuristics and our proposed approach
(Section 2). The Section 3 brings a case study on the fine-tuning of the VNS metaheuristic by means
of different tuning approaches and presents its results. Our final considerations are in Section 4.

2 An Approach on the Fine-tuning of Metaheuristics

In this paper, the problem of fine-tuning of metaheuristics is formalized as: let  M be a metaheuristic
with a set of parameters, that must be tuned to solve a class of problems P. The parameters of M (e.g.:
, , ..., ) admit a finite set of values (in general, discrete or continuous) and its cardinality can vary
according to M and P studied. Let  be a set of candidate configurations, such that    is any set-
ting of M, then the problem can be formalized as a state-space:
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S = (, P) (1)

Broadly, the problem consists of knowing which is the best candidate configuration *   to opti-
mize the performance of M on P. However, its determination is not always simple and, in the worst
hypothesis, it can requires a full search in S.

2.1 Heuristic Oriented Racing Algorithm

To avoid the full search in S and still find a good setting of M to P, we consider an agent (e.g.: a heu-
ristic method) whose the actions modify the state of S (e.g.: by creating candidate configurations).

Given an initial state (e.g: any alternative in S), the heuristic method explores (1) by creating new
candidate configurations at the neighborhood of some best known alternative as a sequence of sets:

0  1  2  ...

From the step k to k+1 the set of candidate configurations is built possibly discarding some inferior
alternatives, based on statistical evaluation of a wide range of problems. Given that some candidate
configurations persist in that set, they are evaluated on more problem instances. Therefore, search a
solution is equivalent to find a path in a graph, that from an initial state reaches the final state, that is,
the best setting for M.

This approach is called Heuristic Oriented Racing Algorithm (HORA), due the way for which the
alternatives are explored through a heuristic method, and its evaluation process by a racing algorithm.

3 Case Study

The HORA method proposed here can be applied on the fine-tuning of different metaheuristics, re-
gardless its nature or parameters number. To illustrate it, we will use as example the configuration of a
basic VNS metaheuristic [15, 16] on instances of the TSP.

The TSP is a NP-hard problem [17] extensively studied in the literature [18, 19], and a standard
benchmark for new algorithm ideas. The VNS metaheuristic is a trajectory method widely applied to
optimization problems, like the TSP. In summary, its strategy is based on dynamical changes in the
neighborhood structure of an incumbent solution, moving to the next one if and only if an improve-
ment is made. At each iteration three important stages must be done: shake, local search and move. A
high-level pseudo-code is given in Figure 1.

procedure vns(S0, Kmax)
 S*  S0

 repeat
  k  1
  repeat
   S’  shake(S*, k)
   S’’  localSearch(S’)
   S*  move(S*, S’’, k)
  until k  Kmax

 until termination criteria is met

Figure 1: Pseudo-code of the basic VNS metaheuristic.

The considered parameters for the fine-tuning process are in Table 1. The parameters levels (low
and high) were chosen on early studies with the metaheuristic.

At the beginning of the tuning process we conduct m experimental studies1 with DOE on different
instances of the TSP from TSPLIB [20]. Its results let us refine the search space of parameters by

1 In this paper, we chosen arbitrarily m = 5, in order to promote diversity for the initial search space of parameters. Thus, at
the end of the experimental studies we have five different results for each parameter.
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defining a more restrict one, bounded by the maximum and minimum values of each parameter in the

training set. Accordingly, the new parameter search space is: n  [1621; 3640], k  [3; 9] and   [2;  4].

Parameter Description Low High

n
k


Number of iterations
Number of neighborhood structures
Length between the neighborhood structures

1000
3
1

5000
9
5

Table 1: The parameters of the basic VNS.

The exploration of the new search space is done through HORA by creating alternatives at the
neighborhood of some best known candidate configuration. For each of the alternatives, we run the
target metaheuristic during 10s on an expanded set of instances2. This process was repeated 100 times

and the result is presented in terms of mean and standard deviation ( ± ) in Table 2.
For comparisons, we chosen a robust fine-tuning method from the literature with a similar evalua-

tion process to that implemented in HORA. Thus, the same tuning process was repeated with a racing
algorithm inspired in I/F-Race method [21] (from here on called RACE). However, the following set-
tings have been considered: n = {1621; 1909; 2198; 2486; 2775; 3063; 3352; 3640}, k = {3; 4; 5; 6; 7;

8; 9} and  = {2; 3; 4}. Since of each possible combination of parameters leads to a different configu-

ration for the metaheuristic, there are 8  7  3 = 168 predefined settings for the VNS in the RACE
scenario. The goal is to select an alternative as good as possible, such that it optimizes the performance
of the metaheuristic. The result is in Table 2.

Parameter
HORA

Settings (  )
RACE

Settings (  )

n
k


2298 ± 562
4 ± 1
3 ± 1

2441 ± 634
4 ± 1
3 ± 1

Table 2: The proposed parameter settings for the basic VNS.

3.1 Experimental Results

The case study results are similar in terms of parameterization (Table 2). However, we emphasize the
differences of the tuning process, such as, the average time of the process, with HORA it takes 7872
seconds, whereas with RACE it demands 14392 seconds. The HORA also stands out in terms of the
overall number of experiments performed, that is, 781 against 1410 from RACE. At the end of the tun-
ing process, remains on average 8 surviving alternatives for HORA and 40 for RACE.

Even though it is not the main objective of this work, we run the basic VNS for each one of the
proposed settings (Table 2) 15 times on 12 instances of the symmetric TSP with the number of cities
varying between 300 and 800. Although the median performance from the metaheuristic tuned through
HORA is slightly better, the results are statistically similar at the significance level of 5%  to the t-Stu-
dent and Wilcoxon tests.

4 Final Considerations

The HORA method, presented in this paper, combines DOE and Racing algorithm to efficiently search
candidate configurations within an improved search space. As shown in the case study (Section 3), its
better performance, relative to a classic strategy from the literature, can be explained by the way of it
explores the search space. That is, by means of a heuristic method, which seeks for good alternatives
in the neighborhood of some best known candidate configuration, and efficiently evaluates them with
a racing method. The results achieved show that the proposed approach is a promising and powerful
tool mainly when it is considered the overall time of tuning process. Additional studies shown the ef-
fectiveness of HORA with other metaheuristics and problems.

2 The expanded set matches 48 instances with less than 1000 cities of the symmetric TSP from TSPLIB.

Cartagena, July 28-31, 201977



id-4 MIC 2019

References

[1] Coy, S. P.; Golden, B. L.; Runger, G. C.; Wasil, E. A. Using experimental design to find effective
parameter settings for heuristics. J. Heuristics, 7(1): 77-97, 2001.

[2] Adenso-Díaz, B.; Laguna, M. Fine-tuning of algorithms using fractional experimental design and
local search. Oper Res, 54(1): 99-114, 2006.

[3] Ridge, E.; Kudenko, D. Tuning the performance of the MMAS heuristic. In: Stützle, T.; Birattari,
M.; Hoos, H. H. editors. International Workshop on Engineering Stochastic Local Search Algo-
rithms (SLS 2007), pages 46-60, Heidelberg, Germany, 2007.

[4] Birattari, M.; Stützle, T.; Paquete, L.; Varrentrapp, K. A racing algorithm for config- uring meta-
heuristics. In: Langdon, W. B. editor. Proceedings of the Genetic and Evolutionary Computation
Conference (GECCO 2002), pages 11-18, San Francisco, 2002.

[5] Dobslaw, F. A parameter tuning framework for metaheuristics based on design of experiments
and artificial  neural  networks.  In:  Sixth  International  Conference On Natural  Computation,
pages 1-4, Cairo, 2010.

[6] Calvet, L.; Juan, A. A.; Serrat, C.; Ries, J. A statistical learning based approach for parameter
fine-tuning of metaheuristics. SORT (Statistics and Operations Research Transactions), 40(1):
201-224, 2016.

[7] Ries, J.; Beullens, P.; Salt, D. Instance-specific multi-objective parameter tuning based on fuzzy
logic. European Journal of Operational Research, 218: 305-315, 2012.

[8] Bartz-Beielstein, T.; Lasarczyk, C.; Preuss, M. Sequential parameter optimization. In: Congress
on Evolutionary Computation (CEC 2005), pages 773-780, Piscataway, 2005.

[9] Hutter, F.; Hoos, H. H.; Leyton-Brown, K. Sequential model-based optimization for general algo-
rithm configuration. In: Coello Coello, C. A. editor.  Learning and intelligent optimization, 5th
International Conference (LION 5), pages 507-523, Heidelberg, Germany, 2011.

[10] Montgomery, D. C. Design and analysis of experiments. 8th ed. John Wiley & Sons Inc, 2012.

[11] Maron, O., Moore, A. W. Hoeffding races: accelerating model selection search for classification
and function approximation. Advances in Neural Information Processing Systems, 59-66, 1994.

[12] Adeson-Diaz, B.,  Laguna, M. Fine-tuning of algorithms using fractional experimental designs
and local search. Operations Research, 54(1): 99-114, 2006.

[13] Balaprakash, P., Birattari, M., Stützle, T., Dorigo, M. Improvement strategies for the F-Race algo-
rithm:  sampling design and iterative  refinement.  In:  4th International  Workshop On Hybrid
Metaheuristics, pages 108-122, 2007.

[14] Hutter, F., Hoos, H., Leyton-Brown, K., Stützle, T. ParamILS: an automatic algorithm configura-
tion framework. Journal of Artificial Intelligence Research, 36: 267-306, 2009.

[15] Hansen,  P.;  Mladenovic,  N.  An  introduction  to  variable  neighborhood  search.  In:  Vob,  S.;
Martello, S.; Osman, I.; Roucairol, C. Metaheuristics: advances and trends in local search par-
adigms for optimization, Chap. 30, pages 433-458, 1999.

[16] Hansen, P.; Mladenovic, N. Variable neighborhood search: principles and applications. European
Journal of Operational Research, 130: 449-467, 2001.

[17] Lenstra, J. K.; Rinnooykan, A. H. G.; Brucker, P. Complexity of machine scheduling problems.
In: Hammer, P. L.; Johnson, E. L.; Korte, B. H.; Nemhauser, G. L.  Annals of Discrete Mathe-
matics, pages 343-362, Amsterdam, 1977.

[18] Matai, R.; Singh, S. P.; Mittal, M. L. Traveling salesman problem: an overview of applications,
formulations, and solution approaches. In: Davendra, D.  Traveling salesman problem: theory
and applications, Chap. 1, pages 1-24, 2010.

[19] Applegate, D. L.; Bixby, R. E.; Chvátal, V.; Cook, W. J. The traveling salesman problem: a com-
putational study, 2nd ed., Princeton Series in Applied Mathematics, Princeton Univ Press, 2007.

[20] Reinelt, G. TSPLIB: A traveling salesman problem library.  ORSA Journal on Computing, 3(4):
376-384, 1991.

[21] López-Ibáñez, M.; Dubois-Lacoste, J.; Cáceres, L. P.; Birattari, M.; Stützle, T. The irace package:
Iterated racing for automatic algorithm configuration. Oper Res Perspectives 3, 43-58, 2016.

Cartagena, July 28-31, 2019 78



79



MIC 2019 id–1

Evaluation of Objective Function Designs Through an
Auxiliary Heuristic Scheme

Li Lei, Raymond S. K. Kwan

University of Leeds
Leeds LS2 9JT, West Yorkshire, United Kingdom

{scll, r.s.kwan}@leeds.ac.uk

Abstract

Exact integer linear programming (ILP) models and their solvers have the advantage of delivering
optimal results for complex real life scheduling problems. However, they are often computationally
practical only for relatively small problem instances. Furthermore, it is not easy to establish high
confidence in the effectiveness of an objective function design, which is vital for yielding good-quality
schedules in practice. For example, suppose a train unit schedule needs 50 train units to cover a
timetable. The workings of individual train units cannot be all efficient because of the timing connec-
tions of the trips served. The objective function is therefore a tradeoff amongst a number of schedule
quality aspects. For train unit scheduling, an exact ILP solver called RS-Opt has been developed based
on a multi-commodity network flow model. An iterative heuristic wrapper around RS-Opt called
SLIM has also been developed for large problem instances. The SLIM heuristic aims at shrinking
the graph size of the network flow model to as small as possible. An optimal graph for SLIM is
a sub-graph of the original full graph for RS-Opt in which all the arcs are required in an optimal
solution. At convergence, SLIM would have yielded a minimal graph required by RS-Opt to produce
the optimal solution. Before convergence, the reduced graph at each iteration is sub-optimal but is of a
very small size such that RS-Opt can be executed very quickly. The exact solution of the sub-optimal
graph is used as a basis to derive the reduced graph for the next iteration.

In experiments where RS-Opt alone can find the optimal solution S without using SLIM, the per-
centages of graph arcs in S that are also present in the reduced graphs derived in SLIM iterations
have been compared. It was observed that such percentages may not be high even when the iterations
were leveling off with objective values quite close to the optimal objective value yielded by RS-Opt.
Although the branch-and-price process in the RS-Opt solver may have influenced the graph arc
selection, the design of the objective function may have contributed to the observed behavior and
alternative designs may have to be considered. This paper reports on further investigations focusing
on alternative objective function designs for RS-Opt, the SLIM graph reduction heuristic, and in
particular testing the use of the SLIM heuristic scheme as a new methodology for enhancing logical
and domain expert reasoning for the evaluation of objective function designs.

1 Introduction on RS-Opt and SLIM

The exact ILP solver RS-Opt for the train unit scheduling problem (TUSP), where train units are assigned
to cover trips with respect to passenger demands, is driven by a pre-generated directed acyclic graph (DAG,
G = (N ,A)) [4, 5]. The different unit types are defined as multi-commodities. N = N ∪ {0,∞} is the
node set where 0 and∞ are the source and sink respectively, andN is the trip node set. A = A0∪A∞∪A
presents the arc set where A = {(i, j)|i, j ∈ N} is the trip-to-trip arc set, and A0 = {(0, i)|i ∈ N} and
A∞ = {(i,∞)|i ∈ N} are the sign-on/off arc set respectively. While N is fixed for a problem instance,
A represents potential connections and therefore its size could be very large. A path p represents a unit
diagram defining the trip serving sequence from source to sink of a corresponding unit. To extend the
network flow model to prevent blockages within stations, an iterative approach of incrementally inserting
cuts against station level conflicts identified in RS-Opt is proposed in [2, 3]. The optimizing result from
RS-Opt is a set of unit diagrams for one-day workload of every unit.

Experiments have found the exact solver RS-Opt struggle to solve large problem instances (more than 500
trips). Considering that the complexity is caused by huge arc combinations in the original graph G and the
optimizing result is a subgraph of G, the heuristic wrapper SLIM is therefore designed to reduce the graph
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size with a built-in arc controller governed by a set of heuristics [1]. Instead of considering the entire
DAG as input, SLIM iteratively runs RS-Opt with a reduced graph G′ yielding a local optimal solution G∗
in which an improved solution may have been obtained based on the objective function value. A new G′
will be formed for the next iteration by the heuristic arc controller based on G∗. The arc controller aims at
constructing a reduced graph which is sufficient for RS-Opt to produce a near optimal solution that is very
close to the solution produced by RS-Opt in terms of objective function value and subgraph.

2 Discussion of experiments

The convergence of SLIM relies on an objective function that indicates whether the given reduced graph
contains a better solution or not compared to the last iteration. Through our experimental observation,
SLIM and RS-Opt can usually turn out similar objective function values, but the solution arc sets are
dissimilar. For some dataset, e.g. GWR-EMU, the overlapping arc percentages are approximately 40 %.
The observation from SLIM iterations shows that many sub-optimal solutions are yielded with similar and
sometimes same objective function value but with very different subgraphs. The most likely reason could
be that the objective function is not sensitive enough to differentiate the qualities of different sets of arc
selection. This fails SLIM to distinguish one subgraph from another. Besides, considering that SLIM only
works on size limited reduced graphs but RS-Opt itself works on the entire graph, SLIM may not be able
to improve the objective function value for many iterations and hardly converge to an arc set that is highly
overlapped with the solution found by RS-Opt solely.

For the exact ILP solvers, the optimal solution is delivered for a certain objective function. A sophisticated
objective function is vital to generate high-quality solutions in practice. However, finding an objective
function that is capable of separating similar solutions is not trivial. The framework of SLIM can assess
the sensitivity of an objective function. This is expected to significantly distinguish one solution from
another solution that is generated using SLIM iterations. Ideally, a good-quality objective function is
able to converge SLIM to a subgraph which is highly overlapped with the subgraph produced solely by
RS-Opt. The design of some alternative objective functions will be discussed in the next section. Testing
the use of the SLIM heuristic scheme as a new methodology for enhancing logical and domain expert
reasoning for the evaluation of objective function designs will be presented at the conference.

3 Alternative objective function designs

The incumbent objective function sums weighted multiple optimizing targets, for instance fleet size,
mileage, coupling/decoupling activities, etc., which makes it hard to observe how each component affects
the entire solving process. Some areas of potential improvements for the current objective function have
been identified, e.g. (1) A short-slack-time arc may cost more compared to a long-slack-time arc since the
arc cost is formed by fixed arc type and mileage cost. Despite the aforementioned, short arcs are preferred
in real-world day time schedule except for some special cases such as maintenance. (2) No unit type
preference is featured. This leads RS-Opt to use more higher capacity units. (3) Certain aspects of the
solution, e.g. fleet size, have been featured in more than one of the objective function terms and the overall
effect could be better controlled. (4) Trading off between fleet size optimization and coupling/decoupling
activities is hard to balance.

From the perspective of real-world scheduling, there may be more optimization goals. First, for a timetable
that is served by only one single unit type, the unit number should play the most important role in the
objective function. Second, when multiple unit types are involved, the operators may care more about
the balance among different unit types according to what they possess currently. Finally, instead of
minimizing the number of units, some schedulers may prefer to optimize the number of coaches used to
cover all the trips, or the total seat over-provision on the railway network and so on.

An objective function is difficult to satisfy all real-world optimization perspectives. The analysis of
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real-world scheduling preferences can help to design a pool of alternative objective functions and their
sensitivity in terms of differentiating subgraphs can be tested by SLIM. A more sensible arc cost strategy
can be constructed by extracting mileage cost from the incumbent arc cost and considering slack-time as
the superior arc cost. A rough mileage can be pre-calculated and considered as a soft constraint to satisfy.
Besides, hard constraints of lower bounds for every unit type can be set by experienced schedulers. This
allows more flexibility in balancing the usage of different unit types. In practice, fleet size usually plays
the most important role for operators followed by other targets. A two level optimizing strategy can be
applied. The first stage optimizes the fleet-size oriented alternative objective functions, i.e., the number of
units under different circumstances. The second stage optimizes sub-targets with respect to the first-stage
result, i.e., mileage, compact unit diagram, etc.

4 Remarks and ongoing research

This paper presents the potential of using the SLIM framework to assess objective function designs
and derive highly overlapped subgraphs with similar objective values using RS-Opt and SLIM. Some
alternative objective functions can be designed based on the incumbent objective function and real-world
expectations. Once an objective function is proved as sensitive enough to differentiate solutions, SLIM
can be applied to tackle large instances. Another benefit obtained from this study is the possibility to
construct some new heuristics for the arc controlling process, for instance an arc cost based heuristic
method. The setup and configuration for testing and refining the models, in particular the implementation
of new objective functions and constraints in RS-Opt, are a very substantial ongoing task, which has to be
carefully analyzed with many real datasets. More details and results will be reported at the conference.
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Abstract

This paper presents a new deterministic multiobjective optimization called ”Multiobjective Frac-
tal Decomposition Algorithm” (Mo-FDA). The original FDA was designed for mono-objective large-
scale continuous optimization problems. It is based on a ”divide-and-conquer” strategy and a geo-
metric fractal decomposition of the search space using hyperspheres. In our work, a scalarization
approach is used to deal with MO problems. The performance of Mo-FDA was compared to state of
the art algorithms from the literature on classical benchmark of multi-objective optimization.

1 Introduction

In multiobjective optimization problems (MOP) the goal is to optimize at least two objective functions.
This paper deals with these problems by using a new decomposition-based algorithm called: ”Fractal
geometric decomposition base algorithm” (FDA). It is a deterministic metaheuristic developed to solve
large-scale continuous optimization problems [5]. We defined large scale problems by the problems
having dimension greater than 1000. In this article, we are interested in using FDA to deal with MOPs
because in the literature decomposition based algorithms have been successfully applied to solve these
problems. Mainly FDA decomposes the variable decision space of a single objective problem into a
set of hyperspheres (regions of the search space) and each is evaluated. In other terms, FDA is based
on ”divide-and-conquer” paradigm where the sub-regions are hyperspheres rather than hypercubes on
classical approaches. In order to identify the Pareto optimal solutions, we propose to extend FDA using
the scalarization approach. We called the proposed algorithm Mo-FDA.

The rest of the of paper is organized as follow. The next Section 2 presents a description of the
proposed algorithm. In Section 3 the obtained results and a comparison to the competing methods are
presented. Finally, Section 4 presents the future work.

2 Proposed Mo-FDA

Fractal Decomposition Algorithm uses a ”Divide-and-Conquer” strategy across the search space to find
the global optimum, when it exists, or the best local optimum. The hypercubes are the most used forms
in the literature. However, this geometrical form is not adapted to solve large scale problems or high di-
mensional problems because the number of vertices increases exponentially. FDA [5] uses hyperspheres
to divide the search domain as this geometrical object scales well as the dimension increases allowing
FDA to solve large scale problems. In addition, the fractal aspect of FDA is a reference to the fact that
the search domain is decomposed using the same pattern at each level until the maximum fractal depth
k (fixed by the user). While searching for the optimum, FDA uses 3 phases: initialization phase; 1)
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exploration phase, 2) and exploitation phase 3). During the initialization phase, at level 0, the current
hypersphere is decomposed into 2×D sub-hyperspheres with D being the problem’s dimension.

Once the initialization phase is completed, FDA starts the exploration phase to identify the sub-
hypersphere that potentially contains the global optimum or best local optimum (or global optimum if
it is known), to decompose it again in 2 × D sub-hyperspheres. This operation is repeated until the
maximum fractal depth, k is reached. k has been experimentally determined and set to 5. When the
k − level is reached, FDA enters in the exploitation phase. The aim of this phase is to find the best
local optimum inside the current sub-hyperspheres. This procedure is called Intensification local search
(ILS). Each instance of ILS starts at the center of the sub-hypersphere being exploited. This local search
is moving along each dimension, evaluating three points on each one and only the best is considered for
the following dimension (more details are in [5]). Then, the second k-level sub-hypersphere is exploited
using ILS. This process will stop when the maximum number of evaluations is reached. If all k-level
sub-hypersphere have been exploited without FDA stopping, it backtracks to decompose the second best
hypersphere at the level k − 1.

In a multi-objective problem, different objective functions are being optimized at the same time.
Scalarization techniques allows to combine the different objective functions into one, allowing the ap-
proach to solve it as a mono-objective problem. Different scalarization methods were proposed such
as Weighted Sum and Weighted Tchebycheff Method [4]. In this work, Tchebycheff approach were
considered for Mo-FDA and is defined in equation 1:

Minimize max
i=1,...,k

[ωi(fi(x)− z∗i )]
Subject to x ∈ X

(1)

with k the number of objective functions to optimise and z∗i the optimum of function fi. In ad-
dition, the sum of weights ωi must be equal to 1. In Mo-FDA, n different mono-objective problems
are solved with different combination of weights ωi. As each combination produces one solution, Mo-
FDA produces a Pareto-Front composed of n points. To improve the speed at which Mo-FDA solves a
multi-objective problem, the n independent instances are launched simultaneously using containers. The
overhead produced by the different containers’ management can be neglected compared to the benefit
from the parallel implementation of the n instances. Furthermore, one can see that the algorithm can
benefit from running on a multi-node environment without having to change the implementation.

3 Results and Discussion

In order to test the performance of Mo-FDA a set of 8 functions, 5 from the ZDT family problems [2]
and 3 from the DTLZ sets [9] have been used. The results obtained were compared to the well regarded
algorithms NSGA-II, NSGA-III and MEOA/D as well as state-of-the-art approaches GWASFGA [8],
and CDG [1]. To conduct the different experiments, jMetal 5.0 [6], a popular Java-based framework in
the literature has been used. The principal experiments settings described in [3].

In the context of multi-objective problems, many metrics can be used as discussed in [7]. In order to
have a better overview of the performances of Mo-FDA compared to other algorithms, we have selected
four different metrics. The first one, the Hypervolume metric. It measures the size of the portion of
the objective space that is dominated by an approximation set. The Generational Distance metric (GD)
computes the average distance from a set of solutions obtained by an algorithm to the true Pareto-Front.
The Inverted generational distance (IGD), measures both convergence and diversity by computing the
distance from each point known in the true Pareto-Front to each point of a set of solutions found by the
executed algorithm. The Spread metric measures the extent of the spread achieved among the obtained
solutions. It is important to notice that the goal is to maximize the first metric to minimize the others.

Moreover, to compare the results obtained by the different algorithms we used the Friedman Rank
sum method and the obtained results are presented in Table 1. One can see that Mo-FDA is the most effi-
cient algorithm among three metrics out of four. Looking at the other algorithms, MEOAD/D is efficient
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Algorithms Mo-FDA NSGA-II NSGA-III MEOA/D GWASGFA CDG
Hypervolume 1.875 (1) 2.25 (2) 5.625 (6) 2.625 (3) 4.125 (4) 4.25 (5)
GD 2.25 (1) 2.875 (2) 4.875 (6) 3.25 (4) 3.125 (3) 4.625 (5)
IGD 2.125 (2) 2.25 (3) 5.5 (6) 2 (1) 4.25 (4) 4.875 (5)
Spread 1.75 (1) 3.5 (3) 4.25 (4) 1.75 (1) 4.25 (4) 5.5 (6)

Table 1: Ranking using Friedman Rank sum (and their global rank) of all algorithms on the different
metrics for all tested functions.

on the IGD and Spread but not on the GD and the Hypervolume. Consequently, the importance of using
multiple criteria highlights strengths and weakness of each algorithm. On average, the computation time
required to solve one function at dimension D=30 is 0.8 seconds. The machine used for experimentations
has the following characteristics: a processor Intel Xeon Platinum 8000 with 144GB of RAM.

4 Conclusion and future work

In conclusion, Mo-FDA was tested on 8 different functions and compared to 5 other well regarded and
state-of-the-art metaheuristics. Its performances to find good Pareto-front is proved using four popular
metrics in the literature. For future work, we aim to adapt Mo-FDA to many-objectives problems as well
as real world applications.
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Abstract

In this work we present a task planning problem for a home care business. The company has a
set of nurses in charge of visiting the users’ homes and it wants to solve the problem that consists
of scheduling the nurses working days in order to correctly attend all the clients. The real cases the
company faces are of great size and cannot be solved in an exact way, and therefore we propose a
heuristic algorithm to deal with the issues (like the registration of an user) the company addresses, in
short computational times. In order to validate the behaviour of the heuristic algorithm we use it to
solve a battery of examples, both small-sized instances and real-like cases.

1 Introduction

Home health care is a resource that allows elderly and/or dependent people to continue living at their
homes despite being in a situation of dependency, or in need of assistance to carry out different daily
tasks. The company we are working with has been providing home care services since 1997, both in the
city of A Coruña and in the neighboring municipalities. This company faces a scheduling problem, in
which we have to determinate the routes the employees must follow and set the exact time at which the
caregivers must perform the services assigned to them.

1.1 The problem

The users of the service provided by the company are those who need health care support or require help
in carrying out certain tasks and, to improve their quality of life, hire the company’s services. These users
must specify the number of services they require, detailing the day in which they must be completed,
taking into account that a user can only require up to four services each day. They should also indicate
the available (when the service must be completed) and optimal (when the user prefers to be attended,
even though the fulfilment of this condition is optional) time windows of each service.

To provide its services the company has a set of caregivers who are in charge of visiting users’ homes
(at the time they have been instructed to do so) and carrying out the tasks assigned to them (for example:
cooking meals, monitoring medication, cleaning chores, etc.). The number of available caregivers may
increase or decrease depending on the volume of work to complete, which is the number of active users
and the services they require. In order to maintain users’ satisfaction, for each caregiver and user, the
company sets a level of affinity that establishes how suitable the caregiver is to attend the user.

Therefore, the company must carry out a work plan where, for each caregiver, the services to be
carried out are specified (establishing the tasks to be performed in each of them) and the schedule in
which those services must be completed (always upholding the available time windows established by
the users). This work plan arranges the whole week, so the schedule is repeated over time until the need
to modify it arises. In order to carry out this task, the company has a number of supervisors who are in
charge of manually managing the working days of the caregivers. Each supervisor works with a set of
users and caregivers, according to the areas or neighbourhoods she operates in.

The company wants to obtain a software tool that automatically modifies the caregivers’ previous
plan, in order to solve the following issues:

• Registration of a user.
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• Discharging a user.

• Increasing the number of services required by a user.

• Decreasing the number of services required by a user.

• Alteration of any of the parameters of a service.

• Repetition and/or combination of the previous incidents.

The new schedules, obtained to solve the abovementioned incidents, must be achieved considering
the next objectives:

1. The new plans should minimize time lost between services.

2. The new plans should maximize the affinity levels between users and the caregivers who visit
them.

3. We must try not to change the previous planning in excess.

4. The new plans should uphold, as much as possible, the optimal time windows of the services.

The purpose of this work is to provide the company, employing different operational research tech-
niques, with a software tool that allows them to automatically modify the caregivers’ schedules, in order
to solve the considered incidents.

2 Problem solution

We have modelled the problem presented by the company as an integer linear programming problem,
but for real instances, such as those faced daily in the company, this problem presents a large number of
variables and constraints. Therefore, the integer linear programming problem cannot be used to obtain
the optimal schedule of real examples.

Because of this, the task planning problem must be solved in an approximated way, through the use
of heuristic techniques, in order to obtain admissible solutions in short computational times.

2.1 Algorithm

The algorithm designed to solve the company’s planning problem is based on the simulated annealing
method, introduced in [1], it consists of re-scheduling the services and optimizing the working days of the
caregivers, and it intends to solve the incidents the company works with, avoiding excessive modification
of the previous planning. The aim followed is to make the work plans feasible while trying to ensure
that the caregivers have no gaps in their working hours. The most important steps of the algorithm are
presented below:

Preparation of elements The algorithm starts with an initial solution, which is the previous schedule
of the caregivers. The services that need to be removed from this solution are deleted (users’
discharge, reduction of services) and, at the same time, we select the services that need to be
rescheduled (modification of parameters) and the ones that need to be included in the work plans
(users’ registration, increasing of services).

Service planning First, each of the services that must be scheduled is assigned to the best available
caregiver. To establish how suitable a caregiver is to assist a user, we arrange them on a list
considering the following aspects: (i) the affinity level between them, (ii) the difference between
the hours worked by the caregiver and those specified in her contract, and (iii) the travel time
between that user’s home and all the clients the caregiver is already attending. After that, the
service is scheduled in such a way that it induces the least possible amount of overlap and break
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gaps (between the new service and the ones already assigned to the considered caregiver). In some
cases, we do not have services to plan, so the algorithm goes directly to the optimization phase.

Optimization After assigning each service to a caregiver, the schedule is optimized, using the simulated
annealing method, to eliminate possible overlaps or breaks in the schedule. If, after this optimiza-
tion, there are any overlaps in the schedule, the considered service must be assigned to the next best
available caregiver. In the cases where there are no services to be scheduled, the caregivers’ plan
is optimized in an attempt to reduce the possible break gaps in it (note that in such circumstances
there is no overlap between services).

End When all the services have been correctly scheduled, the overlaps have been eliminated and the
breaks have been optimized, the algorithm ends, returning the optimized planning as the new
solution.

The movements we applied during the implementation of the simulated annealing method are: reschedul-
ing one service, rescheduling several services at once, exchanging the time at which two selected services
are carried out, exchanging the caregivers that conduct two selected services, and changing the caregiver
that performs a service.

The objective function considered to evaluate the schedules obtained in the simulated annealing
method is a lexicographic function, in which we want to minimize the following elements: (i) the overlap
time between services, (ii) the time lost between services, and (iii) the time that the services are being
carried out outside their optimal time windows.

2.2 Numerical results

To check the algorithm’s performance we designed a battery of 50 small-sized examples, that can be
solved optimally though the integer programming problem, and we compare the optimal solutions with
those given by the heuristic algorithm. The collected results show that our algorithm provides solutions
analogous to the optimal ones, needing significantly less computational times.

We also designed a series of real-like examples, in which we take into account all the different
incidents that the company deals with, and we solve them using the heuristic algorithm. Based on the
schedules reached, we can conclude that the algorithm’s behaviour is acceptable, since it correctly solves
all the incidents considered while employing low computational times.

3 Conclusions

In this work, we analyse the scheduling problem presented by the company and we design a resolution
method based on the heuristic technique of the simulated annealing. The purpose of the algorithm is
to solve the incidents considered by the company, trying to modify the original schedules as little as
possible.

The good performance of the algorithm is checked by solving first, a battery of small-sized instances
(in order to compare the solutions obtained with the optimal ones) and second a set of real-like instances
(in order to test if the algorithm solves the incidents addressed by the company). In both cases the results
show that the heuristic algorithm exhibits a good performance.
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Abstract 

This paper introduces an extension to the Multi-Activity Combined Timetabling and Crew 

Scheduling problem which considers heterogeneous personnel with hierarchical skills, multiple 

work shifts and stochastic travel times. The goal of this problem is to define the number of workers 

and to stablish a schedule that fulfills customer’s requirements in order to minimize a total cost 

objective function. As a solution approach, a Genetic Algorithm (GA) was proposed for the deter-

ministic version of the problem. Thereafter, a sim-heuristic was developed for solving the problem 

with stochastic travel times. The algorithms were tested on randomly generated instances.  Obtained 

results show a good performance of the GA for the deterministic version of the problem. On the 

other hand, it were validated the benefits in terms of services level of considering an approach that 

combines simulation and optimization for the solving stochastic version of the problem. 

1 Introduction 

The Multi-Activity Combined Timetabling and Crew Scheduling Problem (MCTCSP) consists of visit-

ing a set of customers, minimizing the number of resources involved and balancing the workload. This 

problem was solved by Barrera et al. [1], in the context of health promotion and prevention programs in 

children’s schools. In this work, authors argue about the NP-Hard nature of the problem, since it com-

bines features of the Crew Scheduling Problem (CSP) and the Timetabling Problem (TTP), which both 

have been classified as N-Hard [1].  

This paper addresses an extension of the MCTCSP that considers: (i) heterogeneous workers with 

hierarchical skills, which implies that workers could have different levels of expertise for a single skill; 

ii) service requirements for different shifts (Morning, Afternoon and Night); and iii) stochastic travel 

times between customers locations. The resulting problem from including the mentioned extensions in 

the MCTCSP, consists on finding the amount of workers of type 𝑘,  𝑘 ∈ 𝐾 and to schedule such workers, 

according to certain legal constraints,  in order to fulfill customers requirements. Each customer𝒾, 𝒾 ∈ 𝒞  

demands a set of services 𝒮𝒾, from a portfolio of services 𝒮, 𝒮𝒾 ⊂ 𝒮 within a set of working hours ℋ 

and a set of days 𝐷. Each type or worker 𝑘 has a predefined salary and is able to provide certain services; 

where the corresponding service times could vary depending on his level of expertise (beginner, average, 

expert). Each customer is characterized by a geographical location and defines a set of desirable sched-

ules 𝒩𝑖 where his required services could be provided. Each worker takes a certain time to move between 

clients, according to their specific geographical location. To satisfy customers’ demands there is a set of 

available workers 𝒯𝑘 , 𝒯𝑘 ⊂ 𝒯 . The purpose of this problem is to build a set of feasible lines of work 

(routes) that minimizes the amount of salaries paid in order to guarantee satisfaction of demand during 

a planning horizon. 

Regarding the original MCTCSP, Barrera et al. [1] proposed a mixed integer programming model and 

a two phase heuristic. Thereafter, Novoa et al. [2] introduced a GRASP-based approach for the MCTCSP 

with heterogonous workforce. Concerning the consideration of hierarchical skills, heterogeneous work-

force and multiple skills, different solution methods such as goal programming, integer programming 

models, and genetic algorithms, have been explored for related personnel scheduling problems. Moreo-

ver, the feature of stochastic travel times, have been mainly considered in vehicle routing problems.  

As can be inferred, this paper introduces a complex problem which have not been explored before, 

92



id-2 MIC 2019 

 

Cartagena, July 28-31, 2019 

since it takes into account several features that has not been considered altogether in the MCTCSP. In 

order to solve the problem at hand, first, the deterministic version of the problem was addressed by 

means of a Genetic Algorithm (GA). Thereafter, a sim-heuristic was developed for solving the problem 

with stochastic travel times. Different variability scenarios were tested for evaluating the impact on 

service levels and costs. The algorithms were tested on randomly generated instances.  Obtained results 

show a good performance of the GA for the deterministic version of the problem. On the other hand, it 

were validated the benefits in terms of services level of considering an approach that combines simula-

tion and optimization for the stochastic version of the problem. 

2 Solution Approach 

In order to solve the problem at hand, first a solution approach is proposed for the deterministic case, 

where travel times between nodes are fixed.  Subsequently, a solution method that combines simulation 

and optimization is implemented for solving the stochastic version of the problem, where travel times 

between nodes are uncertain. All the proposed solution methods are described as follows. 

2.1 Solution technique for the deterministic version of the problem 

The solution for the deterministic version of the problem is based on a genetic algorithm which includes 

the utilization of a heuristic for ensuring the construction of feasible schedules for workers. For com-

parison purposes an initial solution is built by means of a constructive procedure. This initial solution is 

also included in the initial population of the GA.  

2.1.1 Initial Solution 

The proposed procedure for the initial solution consists of: (i) identify a subset of type of workers 𝐿, 𝐿 ⊂ 

𝒯, which is composed by those type of workers, that are mandatory for the fulfillment of certain services; 

(ii) add a new worker that belongs to the subset 𝐿; (iii) build a feasible schedule (route) for the worker 

added in the previous step (this implies assigning such a worker for providing services for certain cus-

tomers in certain hours and days during the planning horizon according to certain legal constraints); (iv) 

once there are not services that can only be fulfilled for the type of workers in subset 𝐿, add a worker 

that belongs to the worker type with the lowest salary; (v) build a feasible schedule (route) for the worker 

added in the previous step. Finally, steps (iv) and (v) are repeated until all services demands are fulfilled. 

2.1.2  Genetic Algorithm 

Regarding the GA, first it was necessary to define the chromosome structure, in which, each gene cor-

responds to the number of workers of a given type 𝑘 that could be assigned for fulfilling customers’ 

demands. The number of workers stablished in each gene should be lower or equal to the maximum 

number of workers available of its corresponding type. Once a chromosome is generated, an assignment 

heuristic is used for building feasible routes. This procedure defines an order in which the different types 

of workers should be scheduled. For this purpose, the next priority criterion 𝑈𝑘 is calculated for each 

type of worker 𝑘:  

 

𝑈𝑘 =
# 𝑜𝑓 𝑠𝑒𝑟𝑣𝑖𝑐𝑒𝑠 𝑡ℎ𝑎𝑡 𝑐𝑜𝑢𝑙𝑑 𝑏𝑒 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑 𝑏𝑦 𝑤𝑜𝑟𝑘𝑒𝑟 𝑘

𝑊𝑎𝑔𝑒 𝑜𝑓 𝑤𝑜𝑟𝑘𝑒𝑟 𝑘
                               (1) 

 

Considering this criterion, a single worker ℎ that belongs to the worker type with the largest value of 𝑈𝑘 

is selected to be scheduled. Once, a feasible route for ℎ is build, the next worker with the largest value 

of 𝑈𝑘 is selected to be scheduled.  This last procedure is repeated until all customers’ demands are 

satisfied. Considering that it is possible to fulfill all requirements and constraints without using all the 

workers defined in each gene, this values are adjusted according to the amount of scheduled workers of 

each type. Finally, the objective function is calculated according to the salaries of the workers that were 

scheduled after applying the heuristic procedure.  

After stablishing the structure of the chromosome, the initial population was build. According to the 

work of Göçken et al. [, M. Yaktubay and F. Kiliç [22] a set of 200 chromosomes were generated. One 
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chromosome was obtained by means of the initial solution previously explained, while the remaining 

ones were created by randomly generating the number of workers of its respective genes. Moreover, the 

classic roulette method and single crossover operator were applied for generating new chromosomes.   

2.2 Solution technique for the stochastic version of the problem 

In the stochastic version of the problem, travel times between a pair customers 𝑖, 𝑗 are randomly gener-

ated with a normal distribution function with a given mean 𝜇𝑖,𝑗  and 𝜎𝑖,𝑗. For solving this problem, first, 

the GA is used by considering the expected values of the normal distribution (𝜇𝑖,𝑗 ) as travel times be-

tween clients. Thereafter, the chromosome that obtained the best objective function is fixed. Afterwards, 

the proposed sim-heuristic focuses on rescheduling workers in order to minimize the average tardiness 

(in hours) per service required. In a single iteration of the sim-heuristic, the average tardiness of the 

current schedules is calculated for 100 scenarios, where in each scenario travel times were randomly 

generated. Subsequently, a local search procedure is proposed for rescheduling the previous assignment 

of workers in order to minimize the average tardiness. Each time a new schedule is obtained by means 

of the local search, the average tardiness is calculated considering the 100 scenarios. The sim-heuristic 

stops until reaching a given number of iterations without improving the average tardiness.  

3 Results and Conclusions 

Regarding the deterministic version of the problem, 51 instances were randomly generated for validating 

the impact of the proposed solution approach. These instances considered between 30 and 100 number 

of services within a planning horizon of 7 days. Obtained results with the GA where compared against 

the initial solution and the ones obtained with an adaptation of the Grasp procedure proposed by Novoa 

et al. [2]. After running the 51 instances, it was possible to obtain an average improvement of 25% and 

7% of the objective function with the GA in comparison to the proposed initial solution and the GRASP 

respectively. In addition, when comparing against the solutions of the mixed integer programming model 

which was also implemented, found results shows that the GA was able to find the optimal solution for 

the 7 instances in which the solver was able to find an optimal solution within one hour of execution. 

For the remaining 44 instances the GA was able to reach an improvement of 25% of the best objective 

function obtained with the solver within a time limit of one hour. 

Regarding the stochastic version of the problem, results were evaluated in 45 instances, which con-

sidered between 30 and 100 nodes respectively. Solutions found with the proposed sim-heuristic were 

compared with the ones obtained with the GA when fixing the expected values of the normal distribution 

as the travel times. Solutions obtained with both approaches were validated in 100 scenarios where in 

each scenario travel times were randomly generated. As a result, the sim-heuristic was able to reach an 

average reduction of 0,17 hours of the average tardiness per service required in comparison to the one 

found with GA in the first place.  
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Abstract

The call center staffing is a complex planning problem that many firms deal with. The entire
decision-making process usually aims to achieve the right trade-off between cost efficiency and a
proper workforce planning that ensures the committed service level. This practice turns out to be
challenging due to the presence of relevant stochastic factors impacting decisions, like arrival and du-
ration of calls, waiting time and abandonment. Another important challenge arises from the restricted
lead time to deliver the staff plans, whereas common solution approaches are usually computationally
intensive or require exhaustive testing to validate assumptions and parameters. Our work focuses on
a call center line managed by a major Bank of Peru. We introduced an effective simheuristic leading
to a scalable framework that handles configurable assumptions. We validated our method by using
a benchmark tool adopted by the Bank, and we compared it with a more typical approach adopted
in production. The new method provides comparable solutions in terms of quality and accuracy, by
reducing the computational time from hours to few minutes.

1 Introduction

This work focuses on a call center line managed by a major Bank of Peru. The business goal is to min-
imize the total cost of the workforce, by ensuring that staffing and shift scheduling meet the committed
Service Level Agreement (SLA). The literature widely addresses call center problems, see [3, 4]. Au-
thors of [11] present a stochastic programming approach binding together staffing and shift scheduling,
where the queueing system is modeled as the Erlang A: a MIP formulation is introduced and solved with
L-shaped decomposition. In [9], authors explain call arrivals with a doubly stochastic Poisson process
that combine random arrivals and a random busyness factor, while the service rate follows an exponential
distribution. The authors use stochastic and robust optimization techniques, then reformulate the problem
as a MIP. In [5], a joint chance constrained stochastic program is introduced, where the forecasting error
of call arrivals is assumed to have a continuous probability distribution. The problem is reformulated as
a deterministic MIP, which can be effectively solved over 1-week instances. More recently, authors of
[2] investigate a two-stage stochastic formulation for a multiclass service system, which they solve with
Benders decomposition strengthened by MIR inequalities. Test instances focus on a bank call center: a
1-day planning horizon is set, and call arrivals are assumed to be Poisson random variables with random
rate. Similar instances are solved in [10], where a two-stage robust program is presented and solved with
a Benders-like method.

Our work investigates a novel simheuristic approach, given the known advantages of these techniques
[7] towards the Bank’s business needs. The contributions of this paper follow. First, our method allows
to configure probability distributions and related parameters without invalidating the approach. In this
way, business users and analysts can benefit from increased flexibility when they test hypotheses and
tune distribution parameters from the analysis of solutions. Second, the introduced simheuristic scales
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over computational resources: a fast method can improve the productivity of business users and allows
executives to evaluate more efficiently budget and employment contracts. Third, our method is easy to
implement, since it does not rely on sophisticated algorithms, which typically characterize this applica-
tion. Hence, the implementation of new features, as well as regular troubleshooting and maintenance,
can lead to reduced delivery time with improved time-to-market. Finally, the introduced method can be
adopted to solve more general staffing problems focusing on multi-server queueing system with SLA
constraints. This paper is structured as follows: in Sec.2 we define the optimization problem; in Sec.3
we describe the compared methods; in Sec.4 we summarize computational experiments and results.

2 The Call Center Staffing Problem of the Bank

Let P, S ⊂ N be resp. the sets of periods and shifts. Let A ∈ {0, 1}|P |×|S| be a binary matrix such
that aij = 1 iff period i ∈ P is covered by shift j ∈ S. Let cj , cm, cp ∈ R+ be resp. the cost (or
salary) of any agent working in shift j ∈ S, and the costs of any manger and principal over P . Let
xj, x

m, xp ∈ Z+ be integer decision variables representing resp. the number of agents to be allocated
to shift j ∈ S, and the numbers of managers and principals to be hired. Moreover, let C(x, xm, xp)
be a polyhedron expressing some staffing rules between agents, managers and principals. Finally, let
yi ∈ Z+ be a decision variable representing the number of agents available in each period i ∈ P . Now,
more notation has to be introduced to define the SLA. Let ϕ := (τ, λ, ϑ, ζ) be such that: τ is the time
threshold within calls have to be answered to meet SLA, and λ, ϑ, ζ are tuples of parameters of some
(distinct) probability distributions representing resp. arrivals, duration and abandonment of customer
calls. Moreover, let di be the predicted number of inbound calls in i ∈ P ; let Q ⊆ P and l(Q) ∈ [0, 1]
be resp. a time window and a targeted SLA value over Q. Given ϕ, the SLA can be defined as a function
gϕ : N × Z+ → [0, 1] of the number of inbound calls and the number of agents available over Q.
Furthermore, let z ∈ {0, 1}|P | be a decision variable such that zi = 1 only if gϕ(di, yi) ≥ l({i}) for each
i ∈ P . Finally, the formulation follows:

min
(x,xm,xp)∈C∩Z|S|+2

+ ,

y∈Z|P |
+ , z∈{0,1}|P |

∑

j∈S
cjxj +

∑

h=m,p

chxh (1)

∑

j∈S
aijxj ≥ yi ∀i ∈ P (2)

gϕ(
∑

i∈Q
di,

∑

i∈Q
yi) ≥ l(Q) ∀Q ∈ Q (3)

gϕ(di, yi) ≥ l({i})zi ∀i ∈ P (4)∑

i∈P
zi ≥ α|P | (5)

where Q is a family of time windows and α ∈ [0, 1]. Constraint (2) defines the allocation of the agents
to the shifts; constraint (3) ensures that the SLA is met over defined observation windows; constraints
(4)-(5) together balance the SLA over the entire horizon P . Finally, let us observe that constraints (3)-(4)
cannot be expressed in closed form, since gϕ depends on random variables.

3 Methods to solve the problem

The Bank adopts in production a method denoted HeuP: the main idea is exploiting simulation to
estimate a discrete set of SLA values for some combinations of inbound calls and available agents. The
approach generates a finite set of relevant valid SLA inequalities by exploiting an event-drive simulator,
similarly to the separation oracle introduced in [1]. More details follow. Let N, M ⊂ N be two finite
subsets representing the numbers of resp. inbound calls and available agents for some i ∈ P . Given an
event-driven simulator ĝϕ, any SLA value can be estimated empirically, i.e. we can compute a matrix
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Method Cost (PEN) # Agents # Managers # Principals Score (%)
HeuP 308,935 59 4 2 83.2
HeuN 313,364 60 4 2 80.9

Table 1: Summary of solutions.

Method Sim time (min) Opt time (sec) Opt gap (%)
HeuP 229.91 20.04 4.08
HeuN 10.71 0.16 0.00

Table 2: Summary of computational times.

B ∈ [0, 1]|N |×|M | such that bnm := ĝϕ(n,m) for each n ∈ N , m ∈ M . Now, constraints (3)-(4) can
be reformulated as linear inequalities, by using ĝϕ and introducing a set of suitable binary variables that
bind each relevant staffing level (number of agents) to each SLA value, in any period. In conclusion,
HeuP consists of two consecutive steps, which are the computation of B and the resolution of a pure
MILP program.

The method we introduce is denoted HeuN: the main idea is mixing combinatorial optimization
and simulation to retrieve deterministic uncertainty sets, which aim to model the minimum number of
agents to meet the SLA. Given a number of inbound calls over a time window, HeuN generates a
finite set of deterministic scenarios representing possible SLA-compliant phone records. In particular,
given ϕ (as defined in Sec. 2), d inbound calls and a targeted SLA value l̂, any deterministic scenario
σ := (ϕ, d, l̂) is a set of d′ ∼ d time intervals representing attended calls, such that l̂ is met under the
assumptions in ϕ. Let n(σ) be the minimum number of agents to meet the SLA in σ, hence n(σ) can
be computed in polynomial time1. Repeating the generation of σ and the computation of n(σ) for k
times, the deterministic uncertainty set U(σ, k) ∈ Nk can be obtained by (n(σ))h=1,...,k . Finally, the
original formulation can be reduced to a Set Covering Problem by removing constraints (3)-(5) and fixing
yi = ⌊E[U(σ, k)]⌉ for each i ∈ P .

4 Implementation Notes and Summary of Computational Experience

Both the methods are characterized by two relevant phases: simulation (sim) and optimization (opt). In
HeuP, phase sim performs the computation of matrix B: the simulator ĝ is developed in Java with the
library SSJ[8] and the computation of its entries is parallelized by using Bash. In HeuN, sim retrieves a
family of uncertainty sets of agents: the procedure is implemented in Python with numpy.random and
networkx, and the execution is parallelized with concurrent.futures. Phase opt is implemented
in Python for both the methods, by using IBM Decision Optimization for Watson Studio[6] and the IBM
docplex APIs. The computational experience has been performed over an instance provided by the
Bank, based on a call center line that handles credit and debit cards blocking requests. The instance
corresponds to the month of August 2018, composed by 527 operational periods: it includes a volume
of over 300K predicted inbound calls and 44 feasible shifts derived from the employment contracts. The
Bank also provided assumptions and parameters about probability distributions and targeted SLA, and a
benchmark tool to evaluate the acceptance of solutions, which determines rejection whether the reached
score is less than 80%. Experiments have been carried out on a cluster with 8 CPU cores at 2.7GHz
and 64 GB of RAM. Tab.1 reports solutions in terms of cost, staff planned and acceptance score. Tab.2
summarizes the computational performance in terms of elapsed real time for each phase, and the relative
optimality gap for the phase opt (20-seconds time limit is set).

Finally, we can conclude that the two methods return comparable results in terms of solution quality
and acceptance score, while HeuN outperforms HeuP in terms of computational effort by reducing
the time from almost 4 hours to less than 11 minutes.

1Let Gσ := (V,E) be the the interval graph whose vertices are inbound calls and edges are agent conflicts. Any agent
allocation is in bijection with a vertex coloring of Gσ; then, n(σ) = χ(Gσ), where χ(Gσ) is the chromatic number of Gσ .
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Abstract. A matheuristic approach that combines the well-known vari-
able neighbourhood search (VNS) algorithm and a mathematical pro-
gramming (MP) solver to solve a novel model for a Public Bicycles-
Sharing System is presented. The problem is modelled as an integer
programming problem. While the VNS algorithm aims to find the set
of optimal repositioning centres, the MP solver computes the optimal
allocation network for a given set of repositioning centres. The proposed
approach obtains very promising results, specially for those instances
where the solver by itself is not able to find feasible solutions within
acceptable times.

Keywords: Variable Neighbourhood Search · Public Bicycles-Sharing
System · Matheuristic.

1 Introduction

The Bicycle Sharing Systems (BSS) have positioned as public and sustainable
alternative in urban mobility. One of the biggest challenges of the BSS operators
is to face the asymmetric demand, highly spatial and temporal depended, that
causes that bicycles accumulate to certain stations while others are empty. The
most common strategy to deal with this problematic is the use of repositioning
vehicles to transport bicycles between stations. This problematic has attracted
the attention of the research community in the last decade with the number of
publications and conference risen considerably in the last couple of years [2].

Most of the research on repositioning bicycles in BSS focuses on operative
decisions, such as the routing of the vehicles. However, this paper describes
a model and a solution strategy to tackle the districting problem, a tactical
decision, that operators faced when they have to partition the operation area of
the system in a set of zones to be covered by each of the repositioning vehicles.
Furthermore, this approach takes into account not only distance and connectivity
when defining the districts of the BSS but also criteria such as demand patterns
and stations hierarchy.
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1.1 Mathematical Model

Let E be the set of stations, C a subset of E that contains the candidate stations
to be the center of a repositioning zone, and P a set of importance levels that
defines the priority that each station is granted for the repositioning strategy.
We define r+i and r−i as the number of bicycles and parking docks, respectively,
required by station i at the peak hour, dij the distance between station i and j,
cij a binary indicator of the connectivity between stations i and j, pil a binary
parameter that indicates whether the station i is assigned priority l, and k the
number of repositioning zones to be defined. The model considers two set of de-
cision variables. The binary variable yj indicates whether the candidate station
j is designated to be the center of a repositioning zone, while the variable xij
indicates whether the station i is assigned to the zone centered in the station j.

min
∑

i∈E
∑

j∈C cijxij (1)

s.t.
∑

j∈C xij = 1 ∀i ∈ E (2)

xij ≤ cijyj ∀i ∈ E ∀j ∈ C (3)∑
j∈C yj = k (4)
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∣∣∣∣
∑

i∈E pilxij −
⌊∑

i∈E pil
k

⌋∣∣∣∣ ≤ β (6)

xij , yj ∈ {0, 1} ∀i ∈ E ∀j ∈ C (7)

Objective function (1) minimizes the sum of the distances of each station
to the center of the repositioning zone to which the station was assigned. It
aims at generating compact zones. It would be preferable to consider a function
that minimizes the maximum distance between each pair of stations within the
same repositioning zone. However, in order to keep the model computationally
tractable, we opted for the first objective function and involve a maximum cov-
erage distance in the definition of the connectivity cij . Constraints (2) to (4)
establish the number of repositioning zones and ensure that each station is as-
signed to one of the created zones. Constraints (5) aim at balancing the bicycle
and parking docks demand within each zone, such that at peak hours not all
the stations of a zone demand only bikes or only parking docks which would
force the vehicle to move to adjacent zones. The parameter α is the maximum
tolerable percentage of unbalance. Similarly, constraints (6) aim at distributing
homogeneously the stations among the zones respect to the priority levels. That
is, that the most critical stations do not concentrated in a reduced set of zones.
The parameter β is the maximum difference allowed between the number of sta-
tions of a given priority level and the ideal value within each zone. A different
value of β might be used for each level of priority. Finally, constraint (7) defines
the variables to be binary.
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2 Proposed VNS Algorithm

In this paper we implement a matheuristic algorithm which combines a simple
yet efficient Variable Neighbourhood Search (VNS) [3] algorithm and mathe-
matical programming. While the VNS algorithm determines the center of each
repositioning zone the mathematical programming solver finds the optimal allo-
cation for the remaining stations. One distinctive aspect of our approach is that
it includes some ad-hoc considerations in order to reduce the search space for
the allocation problem. For instance, we implement a grid that allows us to uni-
formly distribute zones centers. Some constraints based on the grid are also used
in the allocation phase to enforce the the mathematical programming solver to
allocate stations to their adjacent zones, leading to clusters that are much more
compact. In this paper, two neighbourhood movement, namely N1 and N2 are
implemented. While the first one helps us to better explore the search space, the
second one helps us to exploit promising zones of the search space. Let s ∈ S
be a vector where sj ∈ s is 1 if the j-th stations is the centre of its zone and
0 otherwise. We say that s′ ∈ N1(s) iff sj = s′j for all but one j = {1, . . . , C}.
Similarly, we say that s′ ∈ N2(s) iff s′ for all but three j = {1, . . . , C}.

3 Experiments and Future Work

To run the experiments, we use information from EcoBici, a system that operates
in Mexico City and involved, at the moment of the study, 452 stations and more
than 600 bicycles. A total of 2.353.389 travel records, for the months with higher
level of transactions (September November 2016) were used. The peak and valley
hours, station priorities and requirements are defined following the methodology
described in [1]. The operation time-frame is divided in intervals of 30 minutes
due to the fact that 92% of the trips last less than 32 minutes. Three peak periods
were identified. However, we focus on the period of higher demand during the
afternoon (e.g., around 18:00) as it accounts for around 30% of the total demand
of the system. The system is divided in 15 repositioning zones while the stations
are classified in four levels of priority.
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Abstract 

This document presents a methodology based on nested genetic algorithms to solve collaborative 

school buses routing problem. In this problem, there are a set of parents who are willing to send their 

children to a set node to be picked up by the bus. This set node represents the location of a sub-set 

of parents that are trust and are willing to receive the children and take them to the route. Parents 

who send and receive the children have a discount in the transport rate as a collaboration strategy, 

which reduce the number of nodes to visit and the total journey time. It is necessary to establish the 

number of collaborations which maximize the global benefit because the parents received a benefit 

which is actually a cost to the system.  

1 Introduction 

People in countries and cities are facing long journeys time, high costs in mobility, traffic jams and 

recently it has been reported the impact of mobility issues on the quality of life of families and their 

members, despite efforts to improve mobility and the investments in infrastructure [1]. This issue is 

presented in the school transport since the longer the journeys to arrive to school, the earlier families 

have to start their day in order to fulfil with the academic schedules and other home duties, impacting 

the academic performance of the students and the time they share as a family [2]. Based on the above, 

the aim of this article is to propose an approach to the school routing problem in a collaboration context, 

considering an efficient planning of the routes and the decrease of the travel time. A mathematical model 

was developed which included collaboration strategies between the agents, guarantying their interaction 

and collaboration as a common welfare. The model was solved with a two phase’s nested genetic algo-

rithm. The first phase defines who collaborates and the second one, solves the resulting routing problem.  

1.1 School routing problem  

The school routing problem aims at planning an efficient schedule for school bus fleet which each bus 

pick students up at various stops and take them to the corresponding schools, satisfaying different cons-

traints such as maximum load of the bus, maximun travel time of a single student and time window of  

school [3]. Some authors agree [4-5] that the school routing problem is complex because it involves 

multiple factors: increase on the number of students, several stops that are necessary to cover and cons-

traints related to capacity of the buses. According to [6], this problem is also impacting parents and 

children wealfare, because they both need to start their day earlier in orden to fulffil with the schedules; 

also it increases the tiredness due to long travel, it decrases the time to share with the family and also it 

affects the academic performance of the students in the schools.  

1.2 Collaborative school routing buses  

Currently, cooperation has been a key research topic in the supply chain management [7]. Working to-

gether with partners or stakeholders allows to improve effectivity and efficiency in the supply chain [8]. 

A collaboration proposal is presented to transport students in Bogota where a set of schools are located 
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in a zone, but there is only a road that connects those schools with the neighborhoods [8]. Similarly, [9] 

present an approach to arch routing problem with a collaboration strategy. Additionally, [10] show a 

routing problem in multiple centers which utilize collaboration in sending and receiving the children, so 

as to minimize the operational cost and the total number of vehicles within the network.     

2 The problem  

2.1 Description of the problem  

For risk reasons in some countries, the students should be picked up at home which represents several 

stops in a same sector; this is different from some other countries where there are common stops for the 

students [3]. The common stop is key to the collaboration strategy, however to minimize the risks, the 

common stops are proposed at homes where parents are willing to receive to other children from the 

same school and these parents will get an economic benefit for providing this service to the system. 

Other parents are willing to send their children to some common stops represented by other students´ 

homes and they also will receive an economic benefit. The problem consists in stablishing which and 

how many students will be allocated to each home, from all the homes that are available to send and 

receive and also it is necessary to define which routes should take the buses to solve the resulting route, 

so as to maximize the system benefit.   

 

2.2 Mathematical formulation  

General assumptions  

 Buses fleet is homogenous  

 Stop time is minimum and it is not considered in the model.  

Collaboration assumptions 

 If children from home i are sent to home j, parents from both families trust each other and 

children are friends. 

 Nodes that are willing to receive, are not willing to send; and vice versa  

 Variables 

 

𝐴𝑖,𝑗 = 

 

𝑋𝑘,𝑖,𝑗 = 

  

 

 Constraints  

 Only a single vehicle can visit the active nodes  

 Constraints to calculate the costs 

 Constraints to guarantee smooth flow  

 Constraints to control capacity  

3 Solution strategy  

It is integrated with two genetic algorithms. One of them, aims at allocating from node to node according 

to the collaboration strategy mentioned before. In this strategy, there are parents who are willing to 

receive children at their homes and there are parents who are willing to send their children to those 

homes. Therefore, this allocation algorithm solve the problem related to how children will be allocated, 

deciding who will be sent and received. Total incomes of the system are calculated with this allocation. 

The second genetic algorithm is aim at routing the buses according to the stops defined previously with 

the allocation algorithm. The results from this part show the nodes that will be covered by the buses and 

the order of precedence to be visited from the parking lot until the arrival to the school. This routing 

makes possible to calculate the total costs of the system.  

1. If children from home i are sent to home j  
0. Otherwise  

1. If the vehicle k visits j after visiting i  
 0. Otherwise  
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4 Results 

This proposal demonstrates that the lower the collaboration, the longer the traveled distances, therefore 

higher the time a child is within the route. There is a 21% difference in the total traveled distance by 

comparing the results from the first generation with the second one. This represents 210,28 meters less 

and confirm the goodness of collaboration to diminish the transport time and the buses travel distances. 

This is similar to ideas exposed by [8] who solved the school bus routing problem with collaboration.   
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Abstract

Carpooling systems are one of the effective means of reducing traffic congestion. Recently, many
carpool matching services, such as Carpool Global and Share Your Ride, have arisen to match pas-
sengers as carpool members. Such carpool matching services require high-speed matching of carpool
groups, while considering the distances between drivers and the pick-up and drop-off points of pas-
sengers. Constructing an efficient route in a carpooling system is called the carpooling optimization
problem (COP). To solve the COP, an approximate solution method has been proposed using tabu
search. However, this method fully searches all routes between the passengers and drivers in pos-
sible carpooling groups in each iteration, and this procedure requires considerable computational
costs. In this study, we improve this grouping procedure by employing an evaluation function that
automatically determines the carpooling groups of drivers and passengers. Numerical experiments
demonstrate that the tabu search method using our proposed procedure efficiently determines better
carpooling groups, and also drastically reduces the calculation time by approximately 300 seconds
compared to the conventional method.

1 Introduction

In modern society, the numbers of active vehicles in traffic networks have been considerably increasing,
causing heavy traffic congestion, particularly in developing countries. To resolve this problem, carpool-
ing systems, which share routes of drivers and passengers between their residential and working areas,
have gained considerable attention as an effective means of reducing traffic [1]. In addition, such systems
can successfully prevent air pollution.

Many matching services, such as Carpool Global and Share Your Ride, are already available to real-
ize carpooling systems [3]. These carpool matching services require high-speed matching of carpooling
groups, and should search for shorter routes for groups considering the distances between drivers and the
pick-up and drop-off points of passengers. Constructing an efficient route in a carpooling system is called
the carpooling optimization problem (COP). The previous study [4] proposed a tabu search method [2] to
solve the COP. However, this method searches all the candidate routes for drivers and passengers in each
possible group. In addition, the number of possible candidate routes increases exponentially if a large
number of passengers participate in a carpooling group, so that this searching of routes requires consider-
able computational costs. From this perspective, in this study, we improve the tabu search method using
an evaluation function that automatically determines the carpooling groups of drivers and passengers.
Numerical experiments demonstrate that the tabu search method using our proposed procedure rapidly
constructs better carpooling routes.
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2 Carpooling Optimization Problem (COP)

We refer to the departure points of drivers and passengers in carpooling groups as “residences” and the
destinations as “workplaces.” Furthermore, these locations are expressed by nodes.

Figure 1: Example of a carpooling route [4]. In this figure, black and white squares represent the resi-
dence and workplace of the driver, respectively; and black and white triangles represent the residences
and workplaces of passengers, respectively. Arrows illustrate the order of the pick-up and drop-off points
of passengers.

The objective of the COP is to find routes with the minimum distances for all carpooling groups of
drivers and passengers. The objective function of the COP is then defined as follows:

minZ =

2N∑

i=1

2N∑

j=1

P∑

r=1

dijxijr, (1)

where N is the total number of candidates; P = 2E + 1 is the total number of routes, where E is the
number of passengers; and dij is the shortest distance between the ith and jth nodes. In our model,
1 ≤ i, j ≤ N represent the residences and N + 1 ≤ i, j ≤ 2N represent the workplaces, where the
residence i corresponds to the workplace at i+N .

Furthermore, xijr is a decision variable defined as follows:

xijr =

{
1 (if the rth path has an edge from the ith to the jth nodes),
0 (otherwise).

3 Evaluation function for distances between drivers and passengers

To construct an evaluation function for the carpooling groups, we first prepare a set of drivers D and a
set of customers C. Next, we randomly select four customers from C, as in this study we assume that
each vehicle has space for at most four passengers. The set of selected customers is denoted by Cselected.
Next, we attempt to find the best Cselected with the shortest distance from a driver l ∈ D by minimizing
the following function:

minQl(Cselected) =
∑

n∈Cselected

{ql(n) + ql(n+N)} , l ∈ D, (2)

where ql(i) = ds(l)i + dit(l), l ∈ D is the combined distance from the residence s(l) of the driver l to
the ith node and from the ith node to the workplace t(l) of the driver. The reason for writing the second
term in Eq. (2) as ql(n+N) (adding N ) is that the workplace corresponding to the node n is expressed
as n+N .

The previous tabu search approach memorizes the selected routes, namely xijr for each route r.
However, the proposed method memorizes the combination of passengers Cselected in the tabu list to find
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the optimum set Cselected with the minimum Ql(Cselected). After finding combinations of passengers,
we then conduct a route calculation using a shortest path search method such as the Dijkstra algorithm.

4 Numerical experiments

We considered the Guangzhou city road network in China [4] for these experiments. The carpooling
sets, including drivers and passengers, were randomly generated in the same manner as described in
Ref. [4]. In addition, we randomly selected four passengers from C to construct the initial set Cselected,
and searched 500 times for combinations of Cselected with the minimum value of Eq. (2) using the tabu
search. We compared the performance of the conventional method [4] with that of our method. The tabu
tenure of the tabu search was set to 10.

Table 1: Experimental results (objective function/calculation time)
N = 100 N = 200 N = 300

conventional 95.40/342.20 92.74/342.19 90.99/342.19

proposed 67.73/0.50 89.78/0.48 53.18/0.48

Table 1 shows the objective function and calculation times for the conventional method [4] and our
proposed method. It can be observed that the objective function for the tabu search using our proposed
grouping procedure decreases by 71.0 %, 96.8 %, and 58.4 % for the cases with N = 100, 200, and 300,
respectively, compared to the conventional method. In addition, the proposed method also reduces the
calculation time by approximately 300 seconds compared to the conventional method for every problem.

5 Conclusion

In this study, we propose a tabu search solution method for efficient carpooling grouping in the COP.
Whereas the conventional tabu search method calculates all the routes between drivers and the pick-up
and drop-off points of passengers for all possible grouping cases, our method efficiently forms carpooling
groups using an evaluation function that automatically determines drivers and passengers. Numerical
experiments demonstrate that the proposed method successfully reduces the objective function value and
calculation time compared to the conventional method. In this study, we evaluate problems in which at
most four passengers exist in each group. However, the number of candidate routes drastically increases
if the number of passengers in a group can be larger than five, such as in the vanpool problem. In
future work, we plan to propose a method to quickly search good solutions for vanpooling optimization
problems.

The research of T. K. was supported by JSPS KAKENHI Grant Number 16K21327. The research of
T. I. was supported by JSPS KAKENHI Grant Numbers 15TK0112 and 17K00348.
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Abstract

The Multi-period Electric Vehicle Routing Problem (MP-E-VRP) consists on designing routes to
be performed by a fleet of electric vehicles (EVs) to serve a set of customers over a planning horizon
of several periods. EVs are charged at the depot at any time, subject to the charging infrastructure ca-
pacity constraints (e.g., number of available chargers, power grid constraints, duration of the charging
operations). Due to the impact of charging and routing practices on EVs battery aging, degradation
costs are associated with charging operations and routes. The MP-E-VRP integrates EV routing
and depot charging scheduling, and has coupling constraints between days. These features make the
MP-E-VRP a complex problem to solve. In this talk we present a two-phase matheuristic for the MP-
E-VRP. In the first phase it builds a pool of routes via a set of randomized route-first cluster-second
heuristics. Routes are then improved by solving a traveling salesman problem. In the second phase,
the algorithm uses the routes stored in the pool to assemble a solution to the MP-E-VRP. We discuss
computational experiments carried out on small-size instances.

1 Introduction

We define the Multi-period Electric Vehicle Routing Problem (MP-E-VRP) as follows. Let P = {0, . . . ,
Pmax− 1} be the set of periods within the planning horizon. Let I be the set of visit nodes and 0 a node
representing the depot. Each node i ∈ I represents a customer with a service time vi > 0 and a period
pi ∈ P in which the service must take place. A finite set of homogeneous electric vehicles (EVs) denoted
by K is available to visit the nodes in I. Each EV k ∈ K has a battery capacity Q (in kWh). Travelling
from one location i (the depot or a visit node) to another location j incurs a driving time tij ≥ 0 (in
hours) and an energy consumption eij ≥ 0 (in kWh). The triangular inequality holds for driving times
and energy consumptions. At period p ∈ P , an EV cannot leave the depot before Ep or return after Lp

(with Lp > Ep). In other words, time interval [Ep, Lp] corresponds to the opening hours of the depot for
period p ∈ P .

At the beginning of the planning horizon each EV k ∈ K has an energy kWhk0 (in kWh). The
EVs can be fully or partially recharged at the depot at any time. There is no possibility to recharge an
EV outside of the depot. The EVs can only perform one route per period and they are allowed to be
recharged only once between two routes. Multiple chargers are available at the depot. Each charger is
associated with a charging mode (e.g., slow, fast, moderate) belonging to set M. The depot has Am

available chargers for each charging mode m ∈ M (usually, but not necessarily,
∑

m∈MAm < |K|).
During a charging operation, a charger of mode m consumes a power pwm (in kW) from the grid. An
EV can be recharged using any available charger, but at any time the power grid capacity PWmax must
not be exceeded. Moreover, it is forbidden to switch the charging mode while charging an EV. Charging
operations are also non-preemptive (i.e. they cannot be interrupted and resumed later). Each charging
mode is associated with a piecewise linear charging function gm(∆) and a fixed cost per charge um.

Routing and charging decisions impact the lifespan of EV batteries. To take this into account, a
cumulative wear cost is incurred when performing routes and charging operations. This cost is modeled
as a piecewise linear function that maps the state of charge (SOC) of the battery σ to the sum of the wear
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cost associated to charge the EV to every SOC from 0% to σ or discharge it from every SOC σ to 0%.
The SOC of a battery is the percentage of available battery capacity. The cumulative wear cost function
is derived from the model proposed by [2].

Feasible solutions to the MP-E-VRP satisfy the following conditions: 1) each node i ∈ I is visited
by a single EV in period pi, 2) each route starts and ends at the depot, 3) each EV can perform one
route per period, 4) when an EV starts a route, it must have enough energy to complete it (no mid-route
charging is allowed), 5) no more than |K| EVs are used on a single period, 6) EVs visit nodes in I in
period pi ∈ P only during time window [Epi , Lpi ], 7) the power consumed by all chargers at any time
does not exceed the maximum power PWmax, and 8) no more than Am EVs simultaneously charge at
the depot using mode m ∈M.

The objective of the MP-E-VRP is to determine for each period a set of routes visiting all the cus-
tomers and to schedule the charging operations of the EVs while minimizing the cost of battery degrada-
tion. This cost is defined as the sum of the fixed costs of all charging operations and the cumulative wear
costs associated with all charging operations and routes.

We also define a related problem that takes as inputs a set of pre-generated routes. The problem that
consists on selecting a subset of routes from the pool, assigning EVs to them and scheduling charging
operations while satisfying conditions 1)-8) is referred to as the Multi-period Electric Vehicle Route
Assignment and Charge Scheduling Problem (MP-E-VRACSP).

2 Matheuristic for the MP-E-VRP

To tackle the MP-E-VRP we present a matheuristic based on the multi-space sampling heuristic (MSH)
[3]. MSH has two phases: sampling and assembling. In the sampling phase the algorithm uses a set
of randomized traveling salesman problem (TSP) heuristics to obtain a set N of TSP-like tours. Then,
MSH extracts every feasible route that can be obtained without altering the order of the customers of
each TSP tour, following the route-first cluster-second principle [1, 4]. MSH uses these routes to build
a set Ω ⊂ R, where R is the set of all feasible routes. In the assembling phase MSH finds a solution s,
from the set of all feasible solutions to the problem S , by solving a set partitioning formulation on set Ω.

Algorithm 1 describes the general structure of our matheuristic. The procedure starts by entering the
sampling phase (lines 1-1) for each period p ≤ |P| − 1. At each iteration n ≤ N , the algorithm selects
a sampling heuristic from a set T (line 1) and uses it to build a TSP tour tspp visiting the customers that
must be serviced in that period (i ∈ I : pi = p). Then, the algorithm uses a tour splitting procedure
(known as split) to retrieve a set of routes added to the set of routes for period p, Ω′

p ∈ R. Routes
in Ω′

p respect a maximum duration, related with the opening hours of the depot (Lp − Ep), and the
maximum energy consumption, Q. Then, the algorithm calls procedure custSeqs(Rp) - line 1. This
procedure retrieves all the unique sets of customers present in set Ω′

p and generates the set of customer
sequences CSp. Then the algorithm invokes procedure tsp(CSp) - line 1. The latter solves a TSP for
each set of customers in CSp and stores in Ωp the resulting routes. Routes in Ωp are then stored in Ω.
In the assembly phase (line 1), the algorithm invokes a procedure called mpevracsp to solve a MP-E-
VRACSP by selecting routes from Ω to find a feasible MP-E-VRP solution. We propose a continuous-
time mixed integer linear programming (MILP) formulation of the MP-E-VRACSP. This formulation
uses arc-based tracking variables for time and energy. More details on the algorithm implementation and
the MILP formulation will be discussed in the talk.

3 Computational experiments

We implemented our matheuristic in Java (jre V.1.8.0) and used Gurobi Optimizer (version 8.0.1) to
solve the MILP formulation of the MP-E-VRACSP (Algorithm 1, line 1). We compare the results of
out matheuristic with results obtaining from solving a MILP formulation of the MP-E-VRP. We set a
time limit of 3 hours. We generated 100 small size instances of the MP-E-VRP. We consider 3 periods
of 8 hours. We generated instances with 5, 10, or 15 customers in each period. Customers locations
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Algorithm 1 Matheuristic: general structure
1: function MATHEURISTIC(P, I,K,M, T , N )
2: Ω← ∅
3: n← 1
4: for p = 0 to p = |P| − 1 do
5: Ω′

p ← ∅
6: while n ≤ N do
7: for l = 1 to l = |T | do
8: h← Tl
9: tspp ← h(I)

10: Ω′
p ← Ω′

p ∪ split(I, tspp)
11: n← n+ 1
12: end for
13: end while
14: CSp ← custSeqs(Ω′

p)
15: Ωp ← tsp(CSp)
16: Ω← Ω ∪ Ωp

17: end for
18: σ ←mpevracsp(Ω,P, I,K,M)
19: return σ
20: end function

are randomly generated in a geographic space of approximately 45×45 km. This represents an urban
operation in which 16 kWh-EVs can perform routes without need for mid-route charging. For each
number of customers per period we generated 5 sets of customer locations. Service time is fixed to 0.75
hours. We assume the EVs have an energy consumption rate of 0.125 kWh/km. The initial energy for
all EVs is fixed to 8 kWh or 12.8 kWh. For instances with 5 customers per period we considered 2 EVs,
for the rest of the instances, 4 or 5 EVs. We included two types of charging mode: slow (with a power
of 6 kW and a fixed cost per charge of $1.22) and moderate (with a power of 11 kW and a fixed cost
per charge of $1.42). For slow mode, there is the same number of available chargers as for EVs, while
for moderate mode there is only one charger available. We considered instances with only one charging
mode, slow, and instances with two charging modes, slow and moderate. The power grid capacity is
adjusted depending on the number of EVs, so that all chargers of both charging modes cannot be used at
the same time. We fixed parameter N = 1000.

For the 5 customers per period - instances our matheuristic was able to find the optimal solutions.
For the 10 customers per period - instances our method reported average improvements of 0.2% with
respect to the solutions delivered by the solver running the MP-E-VRP. For the 15 customers per period
- instances, the improvement is of 4.45%.
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Abstract

In this paper, a generalization of the capacitated profitable tour problem with electric vehicles is
presented. The aim here is to synchronize the lunch break and the recharging activities by choos-
ing clusters of restaurants where electric vehicles can be charged. Due to the fact that having an
agreement with restaurant chains has an associated cost, the problem can also be seen as a problem
with location aspects. This variant is pertinent especially in a city logistics context. A matheuristic
framework is implemented which is able to solve instances with up to 100 customers and 6 clusters
of restaurants in less than 3 seconds with an average GAP no larger than 0, 3%.

1 Introduction

Nowadays electric vehicles (EVs) are considered a suitable alternative to replace conventional vehicles
(CVs) in last mile operations [3]. The adoption of EVs responds to the need to reduce the negative
environmental impact generated by transport operations. EVs not only represent one of the cleanest
means of transportation in urban areas, but also contribute to noise reduction, permit a high tank-to-wheel
efficiency, and offer lower operational cost with respect to CVs [7]. Thanks to government incentives
and technological improvements their market share is increasing. Thus, some companies have included
EVs into their delivery operations [6].

However, [6] highlights some challenges that must be faced by operators in implementation of EVs
for now: limited range of vehicle models, limited mileage range, low vehicle speed, relatively long
charging times, and limited payload. According to [5], in France and UK, the urban freight transport and
service operators report limited range and risk of queuing at recharging stations (RSs) as technical and
operational obstacles after having adopted EVs.

Studies on the Vehicle Routing Problems (VRP) which consider usage of EVs increase in recent years
[1]. In general in those variants, the charging time turns out to be an idle time and driver’s mandatory
break times are not explicitly considered. Additionally, in the work of [5] operators mention that an
eventual boost charging, allows to recharge up to 80% battery in about 30 minutes. It would enable the
use of the EV throughout the day. Likewise, two operators highlight the importance of being able to
synchronize the recharging and lunch times as a way to mitigate the impact of recharge time and the risk
of waiting for recharge.

In this paper, a solution approach to solve a variant of a routing problem with profits and EVs is
presented. In this problem, it is possible to recharge the EVs during the lunch time. Lunch break is
considered a mandatory stop. Additionally, it is assumed that, it is possible to have an agreement with a
set of restaurants which provides a RS and a reservation for recharging during lunch. The aim is to benefit
from idle time caused for the lunch break, and synchronizing with vehicle recharging. A fixed cost is
associated with selection of a cluster of restaurants. It represents the cost established for each restaurant
chain to provide food and recharging service. So, selecting a restaurant can be seen as a location decision.
Likewise, an estimated profit for visiting customers is defined. The objective is to maximize the total
operational benefit. Thus, the proposed problem generalizes the capacitated profitable tour problem
(CPTP), where decision related to visit or not customers, clusters of restaurants and restaurants must be
made.

Cartagena, July 28-31, 2019117



id–2 MIC 2019

2 Problem description

The problem is defined on a graph G = (V ′, A) with a set of vertices V ′ = {V ∪ R} and a set of
arcs given by A = {(i, j)|i, j ∈ V ′, i 6= j}. Let be V composed of customers and depot, R the set of
restaurants, and F the set of clusters of restaurants. A homogeneous EV fleet of size U is available at
the depot. For each visit to a restaurant, the lunch duration is considered constant. Also, we assume that
during that time the EV is charged to its maximum level B. Energy consumption through an arc (i, j) is
described as a linear relation between distance dij and the consumption rate cr. Each customer i ∈ V
has a positive profit pi. Each cluster j ∈ F have a fix cost Cj associated to food and recharge service
in their restaurant chain. Each restaurant j ∈ R has a hard time window [ej , lj ]. It represents the lunch
time established by the restaurant schedule or by the company policies. Lastly, a maximum tour duration
is represented by Tmax.

The problem can be formulated as a route-based form as follows. Let Ω be the set of feasible vehicle
routes. In other words, the set of arcs in A issued from the depot, visiting one restaurant, going back
to the depot, satisfying capacity, battery, restaurant time windows constraints, and visiting at most once
each customer. Let ρk be the income of the route rk ∈ Ω. Let aik be a binary parameter equal to 1 if
route rk visits node i, 0 otherwise. Let γfk be a binary parameter equal to 1 if route rk visits a restaurant
that belongs to the cluster f ∈ F , 0 otherwise. Binary variable θk is equal to 1 if route rk is part of the
solution, 0 otherwise. Binary variable µf indicates if the cluster of restaurants f is visited or not. Each
cluster f ∈ F has a fix service cost cf when it is selected in the solution.

Thus, the model can be described with the following set-packing model (SPM):

(SPM) max
∑

rk∈Ω

ρkθk −
∑

f∈F
cfµf (1)

∑

rk∈Ω

θk ≤ U (2)

∑

rk∈Ω

aikθk ≤ 1 ∀i ∈ V (3)

∑

rk∈Ω

γfkθk ≤ Uµf ∀f ∈ F (4)

θk ∈ {0, 1} ∀rk ∈ Ω (5)

µf ∈ {0, 1} ∀f ∈ F (6)

The objective function (1) aims to maximize the total operational income computed as the sum of
the profits minus the operational cost associated with the total distance and minus total cost associated
with the restaurant service. Constraints (2) limits the number of vehicles that are used. Constraints (3)
guarantee that customers can be served at most once. Constraints (4) indicates if a restaurant is visited
by the solution. Finally, domain variable definitions are defined in constraints (5) - (6).

3 Matheuristic framework

As a solution method we implement a matheuristic framework which is composed of two phases. The
first phase is a heuristic route generation, where promising routes are generated by executing a neighbor-
hood based metaheuristic. In the second phase a restricted version of the SPM presented above is solved
using the routes generated in first phase as set of routes Ω. The advantage of this method is that phase 1
can be designed to improve customer visits and routing decisions, while the second phase is in charge of
visiting clusters decisions. Good solutions can be reached if a large diversity of routes during first phase
is provided.

In the ongoing work, for the first phase a GRASP algorithm is implemented. First, we build an initial
solution by inserting randomly a restaurant to each route and then inserting customers with a greedy
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algorithm. Second, we develop a Variable Neighborhood Descend as local search strategy [4]. It follows
a best improvement strategy using neighborhoods based on Insert, Remove, Relocate and Swap operators
over visited and unvisited nodes.

4 Preliminary results and conclusions

A set of instances of this problem is created based on the set of instances proposed by [2]. The matheuris-
tic is implemented in C++ and SPM is solved by CPLEX 12.8. The algorithm is executed on a computer
with Intel(R) Core(TM) i5-5300U CPU @2.30GHz and 8 GB RAM.

In the preliminary results we test the instances that are solved to optimality by the Branch-and-Price
method introduced in [2]. The instances have three types of batteries: Bsmall, Bmedium, and Blarge.
Preliminary results are presented in Table 1. n is the number of available customers, c is the number
of clusters of restaurants, nbIns is the number of instances tested, %GAP the average GAP percentage
with respect to the optimal solutions, and CPU is the average computational time (in seconds).

Bsmall Bmedium Blarge

Set n c nbIns %GAP CPU(s) nbIns %GAP CPU(s) nbIns %GAP CPU(s)
Set-1 30 3 54 0,27 0,62 54 0,00 0,84 54 0,00 0,75
Set-2 19 3 33 0,00 0,91 33 0,00 0,82 33 0,00 0,88
Set-3 31 3 60 0,00 0,98 60 0,00 1,21 60 0,00 1,22
Set-4 98 5 38 0,04 1,94 31 0,08 2,41 33 0,05 2,68
Set-5 64 4 72 0,00 1,48 65 0,28 1,80 65 0,30 1,84
Set-6 62 4 42 0,00 0,99 39 0,05 1,25 38 0,00 1,26
Set-7 100 6 54 0,05 1,83 45 0,03 1,95 44 0,04 2,03

Table 1: Computational results with different B values

Table 1 shows that the proposed algorithm is capable to solve instances from 19 customers and 3
clusters up to 100 customers and 6 clusters, in less than 3 seconds and with a optimality GAP no larger
than 0, 3% on average. We expect to test the algorithm in instances adapted from routing problems with
EVs, and to test different route generation heuristics to evaluate the performance.
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Abstract

An n log n randomized method based on POPMUSIC metaheuristic is proposed for generating
reasonably good solutions to the travelling salesman problem. The method improves a previous work
which algorithmic complexity was in n1.6. The method has been tested on instances with billions
of cities. Few dozens of runs are able to generate a very high proportion of the edges of the best
solutions known. This characteristic is exploited in a new release of the Helsgaun’s implementation
of Lin-Kernighan heuristic (LKH) that is also able to produce rapidly extremely good solutions for
non Euclidean instances.

1 Introduction

The travelling salesman problem (TSP) is certainly the most studied NP-hard combinatorial optimisation
problem [4, 9, 13]. Now, we are able to exactly solve instances up to several thousands of cities and to find
solutions for instances with millions of cities at a fraction of percent above the optimum [1, 3, 5, 6, 8, 10].

A key point for implementing a fast and efficient local search is to use a neighbourhood of limited
size containing all the pertinent moves. For the travelling salesman problem, the most efficient neigh-
bourhoods are based on Lin-Kernighan moves. In order to speed-up the computation, only a subset of
moves are evaluated. This article propose a method with a reduced algorithmic complexity for generating
a limited subset of pertinent edges that must be used in the solution tour. This technique for reducing the
complexity of the local search was called tour merging by [2].

Previous works [11, 12] proposed a 2-levels method for generating good candidate edges with a
complexity in n1.6. The method is based on 2 main steps: first, an initial tour is built with a recursive
randomized procedure, with an algorithmic complexity in n log n. Then this initial tour is improved in
linear time with a fast POPMUSIC metaheuristics.

The algorithm is discussed in Section 2. Section 3 presents numerical results showing firstly that the
empirical complexity of the method is quasi-linear, as expected, and secondly that it generates a very
large proportion of edges belonging to the best solution tours.

2 The n log n Heuristic for the TSP

2.1 Building an initial tour

For generating an initial tour that can be further improved with a fast POPMUSIC algorithm, an arbitrary
city is duplicated. Let us call c0 and cn this duplicated city and let C = {c1 . . . cn−1} be the other cities
of an instance. The path P = c0, c1, . . . cn−1, cn defines a tour. Let t be the only parameter of the method
(in the numerical results presented in Section 3, t = 15). If n ≤ t2, then a very good path passing once
through all cities of P , starting at city c0 and ending at city cn can be found, for instance with a local
search using Lin-Kernighan moves. A good tour is built and the method stops.

Otherwise, if n > t2, a sample S of t cities is randomly chosen from C. Let s1 ∈ S be the city the
closest to c0 and st ∈ S \ {s1} the city the closest to cn. A good path PS through all the cities of sample
S, starting at city s1 and ending at city st can be found with a local search. Let us rename the cities of S
so that PS = s1, s2, . . . , st−1, st
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Let us decompose all the cities of C into t clusters C1 . . . Ct, so that cluster Ci contains all the cities
that are closer to si than to the other cities of S (i = 1 . . . t). The initial path P can be reordered so that
it starts with city c0, then it has all the cities of cluster C1, then those of C2, then . . . , then those of Ct,
and ends with cn.

At this step, the order of visit of the cities of a cluster is arbitrary (as it was for P at the beginning
of the procedure). This order can be improved by calling recursively the procedure for each sub-path Ci

(i = 1 . . . t), the last city of Ci−1 playing the role of c0 (or being actually c0 for C1) and the first city of
Ci+1 playing the role of cn (or being actually cn for Ct).

When all recursions stop, the cities are ordered in such a way that it can be successfully improved
with a POPMUSIC-based heuristic. If t is considered as a fixed parameter (not depending on the problem
size n), the algorithmic complexity of this procedure is n log n.

2.2 Improving the intial tour with a fast POPMUSIC

In [11], POPMUSIC metaheuristic is adapted for the TSP by optimizing sub-paths containing R consec-
utive cities of the tour, where R is a parameter. The optimization procedure is a local search based on
Lin-Kernighan moves. The optimizations are repeated until there is no subset of R consecutive cities in
the tour that can be improved with the Lin-Kernighan neighbourhood.

For getting good candidate edges by the tour merging technique, it is not required to run POPMUSIC
until all sub-paths of R consecutive cities have been optimized. Instead, we propose to speed-up the
method by optimizing the tour in 2 scans. A first scan optimizes non-overlapping sub-paths of R cities
starting with the first city. Then, the tour is shifted by R/2 cities and a second scan optimizes sub-paths
involving R/2 cities for each of two adjacent sub-paths in the first scan.

IfR does not depends on n (we have chosenR = t2 to have a method with a unique parameter), then
the algorithmic complexity of the improvement with POPMUSIC is linear.

3 Computational results

3.1 Computational times

The main goal of this work was to produce moderately good solutions to TSP instances with a short
computational time. In figure 1, we provide the computational time of our method as a function of the
problem size. The problem instances were randomly generated in the unit square and toroidal distances
are considered (as if the square was folded so that opposite border are contiguous). We provide the time
for generating the initial solution and for improving it with the fast POPMUSIC presented above. In
this figure, we have included the computational time for generating a tour with the previous POPMUSIC
implementation of [11].

The main limitation of our method is due to the memory required for storing the problem data and
the solution. A personal computer with 64Gb of main memory was able to deal with instances with 2G
cities.

3.2 Solution quality

The optimal solution of randomly generated solutions in the unit square with toroidal distances was
estimated by [7] as (0.7124 ± 0.0002)

√
n. The quality of the solutions produced for such instances is

given in Figure 2. The method proposed is able to produce solution at about 10% above optimum for
all instance size. Let us mention that the nearest neighbour heuristic produces solution about 22% above
optimum.

In Figure 3, we give, for few instances of the literature, the proportion of missing edges of the best
solution known as a function of the number of runs of our method. We see in this figure that the union of
50 solutions produced by the method contains more than 99.9% of the edges of the best solution known.
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Figure 1: Computational time for producing one solution as a function of problem size.

Figure 2: Quality of solutions (expressed in % above expected optimum) as a function of problem size.
Uniformly distributed cities with toroidal distances in 2D.

Figure 3: Proportion of missing edges as a function of the number of POPMUSIC solutions generated.
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4 Conclusion

This work propose a method for generating moderately good TSP solutions in nlogn. The method does
not make assumption about the problem structure. For the first time, to our knowledge, instances with
more that a billion of cities have been tackled with a metaheuristic. The LKH 2.0.9 release includes the
proposed method for generating candidate edge sets.
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Abstract
The synchronization of power grids is an important task for their safe operation. If the power grid

enters an asynchronous state, its operation becomes unstable, which in the worst case may lead to
cascading failures. Therefore, investigations on the types of power grid structures that are resistant
to power outages or cascading failures are necessary to build reliable systems. A previous study
investigated the optimum structure of centralized and/or decentralized power grids using the greedy
algorithm; this structure is obtained by reconnections of edges while maximizing the synchronous
area. However, the solution of this algorithm easily reaches the local minima. In this study, we
found the optimum structure for various types of power grids using simulated annealing. Numerical
experiments demonstrated that our method successfully obtains highly synchronizable power grids.

1 Introduction

Centralized power grids that provide electric power generated at centralized power plants, such as nuclear
power plants, to surrounding customers are the most important infrastructure to maintain a population’s
comfortable lifestyle. However, renewable energy generators such as photovoltaic and wind turbine
systems have rapidly and widely been introduced to the world. Consequently, power grid structures
have been changing from centralized to decentralized. However, detailed investigations of robustness
against attacks or failures in decentralized power grids are ongoing and various experiments have been
conducted (for example, Ref. [6]). One of the experimental methods used to determine the robustness
of power grids involves evaluating their synchronizability, which ensures safe operation. If a power grid
enters an asynchronous state, its operations become unstable and, in the worst case, cascading failures
may occur. Therefore, investigations on the types of power grid structures that are resistant to power
outages or cascading failures are necessary to build reliable systems.

In power grids, a frequency that starts synchronization determines the safety of the operation. In
other words, a larger synchronous area of the power grid leads to a safer operation. A previous study [4]
investigated the optimum structure of centralized and/or decentralized power grids using the greedy
algorithm, whereby the structure of the power grid is obtained by reconnections of the edges while
maximizing the synchronous area. However, the solution found by this algorithm easily reaches the
local minima. In this study, we investigate the optimum structure for various types of power grid models
using simulated annealing (abbr. SA). Numerical experiments demonstrate that our method successfully
obtains highly synchronizable power grids.

2 A power grid model with second-order Kuramoto model

In this study, we model a generator and consumers in the power grid using a second-order Kuramoto
model [2, 6, 7]. In this model, the ith node (i = 1, . . . , N) that corresponds to a generator or customer
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has power Pi. If Pi > 0 (Pi < 0), the corresponding ith node is the generator (customer). In addition,
the phase of the ith node is defined as follows:

θi(t) = Ωt+ ϕi(t), (1)

where ϕj(t) is the phase difference to a reference frequency of the ith node at the tth time, and Ω =
2π × 50[Hz] or Ω = 2π × 60[Hz] are frequencies of the power grid.

By considering the kinetic energy and mechanical loss, we express an approximated equation of
motion for the phase difference of the ith node as follows:

d2ϕi
dt2

= Pi − α
dϕi
dt

+
N∑

j=1

Kijsin(ϕj − ϕi), (2)

where Pi is the generating or consuming power of the ith node, α is a dissipation coefficient, and Kij is
defined as the transmission line capacity between the ith and the jth nodes. In this model, the electric
power generated at or provided to the ith node is supplied to the jth node if a link exists between
them. Furthermore, the amount of power exchanged is proportional to their phase differences, defined
by sin(ϕj − ϕi).

To investigate the synchronous magnitude of the power grid, we used the order parameter r [3],
defined as follows:

r =
1

N

N∑

i=1

eiϕi , (3)

where r is the average position of oscillators on the complex plane, ψ is the average phase of the nodes,
N is the total number of nodes, and ϕi is the phase difference of the jth node. The power grid easily
synchronizes, if r is large. We defined the power grid as not synchronized if r is 0.

3 Finding the optimum power grid structure

To investigate the power grid’s optimum structure, we first construct an initial solution for the SA using
the following procedure.

1. We first build the ER type random networks [1] and the capacities of all transmission lines are set
to the same value, namely, Kij = K. We set K such that the order parameter r is larger than or
equal to 0.99.

2. Next, we randomly select an edge and disconnect it from one of the attached nodes. The selected
edge is then reconnected to a randomly selected node and r is evaluated for this reconnected power
grid.

3. If the reconnected power grid has a higher r than the previous one, this structure is retained.
Otherwise, the power grid returns to the previous structure.

4. Edge reconnection is repeated until r stops being updated.

A power grid obtained by the above procedure is further improved by the SA. Using SA, if the
reconnection of an edge improves the r of the original power grid, the power grid is updated with the
new r. Otherwise, the update of the power grid is approved according to the probability defined by
exp(2×105×∆r

Tcur
), which is based on an improved value ∆r = rimproved − roriginal and a temperature

parameter. We set the SA parameters as follows: T0 = 1 as the initial temperature, C = 0.995 as the
cooling rate, and Tend = 0.1 as the final temperature.

4 Numerical experiments

We used two types of power grid models: large-scale and small-scale power plants. The power grid
model comprised 100 nodes, which included 30 generators (10 large and 20 small power plants), 70
consumers, and 200 edges.
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The parameters of Eq. (2) were set as follows: P = 1 for the reference power, Pi = 5P for large
power plants, Pi = P for small power plants, Pi = −P for power consumed by each consumer, and
α = P . The initial values of ϕi and ϕ̇i were set to 0. An improvement rate of the order parameter and
obtained optimized structure of power grid using SA are shown in Fig. 1.

Figure 1: (a) Number of iterations versus improvement rate of the order parameter. (b) Obtained structure
of the optimized power grid. Here, red squares represent large power plants, green squares represent
small power plants, and sky blue squares represent consumers.

In Fig.1(a), our procedure improves the order parameter r by 3.5 × 10−3% compared to the initial
power grid. These results indicate that the optimized power grid has higher synchronizability than the
initial one. We then investigate the topological differences between the initial power grid and the op-
timized one by using the clustering coefficient in the complex network theory. The cluster coefficient
measures the ratio of including triangle relationships in the networks. Our investigation clarified that the
optimized power grid increases the clustering coefficient by 3.0 × 10−3. These results indicate that the
optimized power grid has higher robustness because the triangles relationships have tolerance towards
transmission line failures of the power grid [5]. In future works, we will propose a power grid structure
optimization method based on centrality measures in complex network theory.
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Abstract 

This document focuses on the ‘last-mile’ distribution of dairy products of a company in Colom-

bia. To improve the current operational and economic performance of the company a heuristic solu-

tion method is proposed to solve a Vehicle Routing Problem with Time Windows. This problem 

characterizes the ‘last-mile’ delivery problem that the dairy company faces on its day-to-day opera-

tion. The proposed heuristic method consists of a multi-start algorithm with biased randomization 

and is validated utilizing historical data from the Company. Computational results show that, em-

ploying the proposed heuristic method, a more accurate planning of delivery routes can be achieved 

in a shorter processing time than with the current manual procedure the company uses. The proposed 

solution procedure increases the percentages of space utilization of the vehicles required for the 

‘last-mile’ delivery task. This increase represents monetary savings for the Company.  

1 Introduction 

The distribution or transportation of products is a critical component within the operations of a supply 

chain [1]. It is such a crucial element within supply chain management, that transportation has been 

considered an irreplaceable fundamental infrastructure for economic growth [2]. This study focuses on 

the ‘last-mile’ distribution of the dairy products of mass consumption produced by a company in Co-

lombia. Currently, daily distribution is programmed in an empirical way mostly relying on the expertise 

of the company’s employees in charge of designing the delivery routes. This planning methodology has 

generated operational and economic inefficiencies for the company, such as an increase of total costs of 

the logistics operation and assignment of high workloads to the crews of the vehicles. To resolve these 

issues a heuristic solution method is proposed to solve a capacitated Vehicle Routing Problem with Time 

Windows (VRPTW), which characterizes the ‘last-mile’ delivery problem the dairy company faces on 

its day-to-day operation. The proposed heuristic method consists of a multi-start algorithm with biased 

randomization and is tested with real data from the company under study. To test the performance and 

impact of the proposed heuristic solution, its computational results are compared with actual distribution 

plans of the company. 

The paper is organized as follows. Section 2 provides a description of the Colombian dairy company 

and a brief literature review of VRPTWs. Section 3 presents the proposed heuristic solution methodol-

ogy. Section 4 presents the computational results and analyzes the performance of the proposed heuristic 

method with real historic data from the dairy company. Lastly, Section 5 presents some concluding re-

marks. 

2 Background 

This section provides, first, a brief description of the Colombian company that was selected for this 

study. For confidentiality reasons the name of the company will remain undisclosed throughout the pa-

per. Second, this section provides a brief review of recent and relevant studies available in the literature 

that are related to the VRPTW and to solution methods that have been proposed. 

2.1 The Company 

The company selected for this study produces dairy products and is one of the leaders in the Colombian 

market. Currently, the company has six production plants located in different regions of Colombia. Each 

plant has its own distribution center from where the distribution and commercialization of the products 
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is carried out. In addition, the company has seven satellite distribution centers located in other regions 

of the country. The distribution is carried out in two phases: a primary distribution and a secondary 

distribution. This study focuses on the latter. The secondary distribution, which encompasses the ‘last-

mile’ delivery process, takes the product from a satellite distribution center and delivers it to customers 

(e.g. supermarkets, or grocery and convenient stores). The process of the secondary distribution is sum-

marized in Figure 1. 

 

Figure 1: Secondary distribution of the Company 

2.2 Literature review 

The problem of the Company studied in this document can be represented as a capacitated VRPTW. The 

VRPTW is one of the many variants of the original VRP problem and is considered the core of the 

routing problems [3]. Given the NP-Hard nature of the problem [4], solution methods are often directed 

towards the development of heuristic procedures, although these cannot guarantee optimal solutions [5]. 

In this regard, [6] presented an Adaptive Large Neighborhood Search to solve a VRPTW with multiple 

objectives (i.e. minimization of distance and total costs). [7] proposed a Bee Colony Algorithm for min-

imizing the costs of labor and fuel of a VRPTW. [8] proposed a hybrid heuristic that combined Tabu 

Search and Variable Neighborhood Search to minimize the distance travelled in Rich VRPs. [9] proposed 

a hybrid heuristic that combined Tabu Search and Genetic Algorithms to solve a VRPTW with stochastic 

demands.  

Other solution approaches are based on biased randomization, which is a method that has been uti-

lized recently by several researchers [10]. Examples of such applications can be found in studies that 

solve VRPs with loading constraints, which can be considered a special case of Rich VRPs. For instance, 

[11] proposed a biased-randomized heuristic for solving a Location Routing Problem. Other studies 

applied a biased randomized version of the Clarke and Wright Savings Algorithm (CWSA) in the solu-

tion methodology for 2D-VRPs (e.g. [12]). Other solution methods for 2D-VRPs have combined this 

biased-randomized CWSA with other heuristics, such as Iterated Local Search (e.g. [13]), and Large 

Neighborhood Search (e.g. [14]). The proposed solution method for the Company presented in this study 

is based on the concept of Biased-Randomization. 

3 Solution methodology 

To solve the problem of the company a multi-start algorithm is proposed. This procedure consists of a 

biased randomization of the Nearest Neighbor heuristic. Figure 4 presents the proposed algorithm.  
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Figure 2: Proposed algorithm 
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The input parameters of the algorithm are: The maximum running time (in seconds) of the algorithm, 

the probability of skewed randomization, the maximum duration of the routes in minutes, and a random 

seed. The biased randomization process will assign a probability to the nodes not yet added to a vehicle 

route. This is employed to avoid always selecting the nearest node from those nodes that have not been 

visited yet. However, a higher probability is awarded to the nearest node, so that the nature of the Nearest 

Neighbor heuristic is somewhat maintained. It is also worth noting that the time window constraints are 

strictly enforced. This means that late deliveries are not allowed. 

4 Computational results 

The proposed algorithm was programmed using Visual Basic for Applications from Microsoft Excel. 

The maximum running time of the algorithm was set at 120 seconds. A geometric distribution was em-

ployed for the biased randomization process, and a probability of 0.8 was given to the nearest node. And 

the maximum duration for each delivery route was set at 660 minutes. The proposed algorithm was 

tested utilizing historical data from the Company, which corresponded to a week in the first semester of 

operations of 2018. The results, in terms of required vehicles and average utilization of the available 

space within the container of the vehicles, is presented in Table 1. 

 

Day of operation 
Under current plan Using the proposed algorithm 

Vehicles required Space utilization Vehicles required Space utilization 

1 33 57% 18 83% 

2 34 47% 26 47% 

3 38 42% 21 74% 

4 32 49% 31 53% 

5 32 57% 28 66% 

6 38 55% 26 71% 

 

Table 1: Computational results 

5 Conclusions 

The current programming process for ‘last-mile’ delivery of a dairy company in Colombia is performed 

manually and greatly depends on the experience and knowledge of the people in charge of planning the 

delivery routes. This form of planning hinders the possibility of finding efficient delivery routes for the 

Company. To address these issues, a heuristic solution procedure that employs biased randomization 

techniques has been proposed. The proposed multi-start algorithm was validated utilizing historical data 

from the Company and results showed that the proposed solution procedure increases the occupation 

percentages of the vehicles required for the ‘last-mile’ delivery task by approximately 30%. This trans-

lates to a higher average of products being transported per vehicle. It also represents monetary savings 

for the Company as the costs of renting transporting vehicles would be significantly reduced, as fewer 

vehicles are required to meet the demand from the customers. 
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Abstract 

This paper presents Cuckoo Search (CS) Algorithms for solving approximately the cardinality 
portfolio optimization (CPO) problem. The paper presents a review on existing literature on 
both CPO and CS to highlight area of concern.  A hybrid combination of CS method and an 
exact method is proposed where CS explores the cardinality search space using Levy flights to 
select the desired assets while exact method determines the optimal allocation of investments 
for the selected assets. The main contributions include the introduction of a new mapping 
between the CS continuous search space and the integer sequencing search space to guide the 
selection of assets. The CS algorithm is implemented and the obtained results compare 
favorably to previously published ones on datasets of instances of varying sizes from the 
literature. The paper concludes with remarks and research directions. 
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2 Université Clermont Auvergne

Laboratoire d’Informatique (LIMOS), Clermont-Ferrand, France
christophe.duhamel@isima.fr

Abstract

We address the Interval Data Min-Max Regret 0-1 Integer Linear Programming problem (MMR-
ILP), a variant of the 0-1 Integer Linear Programming problem where the objective function coeffi-
cients are uncertain. We solve MMR-ILP using a Benders-like Decomposition Algorithm and two
metaheuristics for min-max regret problems with interval data. Computational experiments devel-
oped on variations of MIPLIB instances show that the heuristics obtain good results in a reasonable
computational time when compared to the Benders-like Decomposition algorithm.

1 Introduction

The 0-1 Integer Linear Programming problem (ILP, for short) is a well-known NP-Hard mathematical
optimization problem, with linear objective function and constraints, in which the domain of all variables
is {0, 1}. An ILP can be formulated by the objective function (1) and the constraints (2) and (3), where
b and c are n-dimensional vectors of coefficients, A is a m × n-dimensional matrix of coefficients, and
x is a n-dimensional vector of binary variables.

(ILP) min cTx (1)

Ax ≤ b (2)

x ∈ {0, 1}n (3)

This abstract deals with problems where the coefficients in c are uncertain. We deal with the Interval
Data Min-Max Regret 0-1 Integer Linear Programming problem (MMR-ILP, for short). In this problem,
the value of the coefficient ci, for all i ∈ {1, . . . , n}, is unknown. However, it is assumed that the value
of ci is in the range [li, ui]. A scenario is defined as a vector S = (cS1 , . . . , c

S
n), where cSi is any real value

in the interval [li, ui], i.e. a scenario corresponds to a valid assignment of values to the coefficients of
variables x. There are infinitely many scenarios and MMR-ILP aims at finding a solution that is robust
to all of them. MMR-ILP is also NP-Hard optimization problem, since the min-max regret version any
problem has, at least, the same complexity of its deterministic counterpart [1].

MMR-ILP can be formally defined as follows. Let Γ be the set of all scenarios, and Φ be the set of
all feasible solutions to the constraints in (2) and (3). The regret of a solution x ∈ Φ in a scenario S ∈ Γ
is the difference between the cost of x in the scenario S and the cost of the optimal solution yS for the
scenario S, i.e. it is the loss of using x instead of yS if the scenario S occurs. The cost of x in S is
denoted by F (x, S) =

∑n
i=1 c

S
i xi, while the cost of yS is denoted by

F (S) = min
y∈Φ

F (y, S) = min
y∈Φ

n∑

i=1

cSi yi.

The robustness cost Z(x) of a solution x ∈ Φ is defined as the maximum possible regret of x among all
scenarios in Γ, i.e.

Z(x) = max
S∈Γ
{F (x, S)− F (S)} .
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Despite the fact that |Γ| = ∞, the scenario where the regret of x is the maximum is the scenario Sx,
such that cS

x

i = li + (ui− li)xi, i.e. cS
x

i = ui if xi = 1, and cS
x

i = li otherwise [1]. From this result, we
have that

F (x, Sx) =
n∑

i=1

uixi,

F (yS
x
, Sx) = min

y∈Φ

n∑

i=1

(
li + (ui − li)xi

)
yi,

and
Z(x) = F (x, Sx)− F (yS

x
, Sx).

It is worth noticing that F (yS
x
, Sx) is still an ILP as in this case xi is constant. Therefore, the robust cost

of a solution x can be computed by solving a single ILP problem in the scenario Sx. MMR-ILP aims at
finding the solution with minimum robustness cost, i.e.

min
x∈Φ

Z(x) = min
x∈Φ

{
F (x, Sx)− F (yS

x
, Sx)

}
.

For the general case, an mathematical formulation for MMR-ILP can obtained by replacingF (yS
x
, Sx)

with a free variable θ and adding a new set of linear constrains that bounds the value of θ to the value of
F (yS

x
, Sx). The resulting formulation (4)-(6) has an exponentially large number of constraints.

min
x∈Φ

n∑

i=1

uixi − θ (4)

θ 6
n∑

i=1

(li + (ui − li)xi) yi, ∀ y ∈ Φ (5)

θ ∈ R (6)

2 Heuristics for the MMR-ILP

We solved the MMR-ILP using two metaheuristics for interval data min-max regret optimization prob-
lems: (i) the Algorithm Mean Upper (AMU) [4]; and (ii) the Scenario-Based Algorithm (SBA) [2, 3].
They are described as follows.

2.1 Algorithm Mean Upper

AMU is a 2-approximative heuristic for interval data min-max regret optimization problems. It solves
the MMR-ILP into two specific scenarios: the mean scenario sm, where the cost of each uncertain
coefficient is set to its mean value, i.e. cs

m

ij =
lij+uij

2 , and the upper scenario su, where the cost of each
uncertain coefficient is set to its upper value, i.e. cs

u

ij = uij . AMU computes the robustness cost of the
computed solution in each scenario and returns the one which wields the smallest value.

2.2 Scenario-Based Algorithm

SBA is an extension of AMU which inspects a larger number of scenarios. Target scenarios between the
lower scenario sl ∈ Γ (a scenario where the cost of the arcs are set to their respective lower, i.e. cs

l

ij = lij)
and the upper scenario (su) are investigated. SBA relies on three parameters: the initial scenario α; the
final scenario β; and the step size γ. All parameters are real-valued in the interval [0, 1]. Target scenarios
are computed as α + δγ, for all δ ∈ {0, . . . , i} such that α + δγ ≤ β. Thus, SBA investigates β−α

γ
different scenarios. One can see that both the mean scenario sm and the upper scenario su are considered
by SBA. Thus, SBA produces solutions at least as good as AMU and also holds an approximation ratio
of at most 2 for MMR-ILP. The SBA for MMR-ILP uses the parameter settings recommended in Coco
et al. [3], being α = 0.5, β = 1.0, and γ = 0.05. Therefore, it inspects a total of 11 scenarios.
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3 Computational experiments

Computational experiments were carried out on a single core of an Intel Xeon CPU E5645 with 2.4 GHz
clock and 32 GB of RAM, running under the operating system Linux Ubuntu. ILOG CPLEX solver
version 12.6 is used with default parameters. We employed variations of the classic MIPLIB instances,
being the coefficients interval generated as by Carvalho et al [2].We assess the quality of AMU and SBA
by comparing their results with the primal bound given by the Benders-like Decomposition Algorithm
(BDA) [5], one of the most successfully exact algorithms for interval data min-max regret optimization
problems. We limited the running time of all algorithms to 7200 seconds.

Table 1 show the results of this experiment. The first column reports the BLD average running time
and it’s standard deviation. The second column shows the AMU average relative deviation regarding the
BLD upper bound, computed as AMU−BLD

BLD . It also shows the standard deviation deviation of this same
metric. The third column presents the AMU average running time and its standard deviation. We show
the same information for SBA on the remaining columns.

BLD AMU SBA

time (s) dev (%) time (s) dev (%) time (s)

4709 ± 4066 10.39 ± 22.16 201 ± 290 9.00 ± 0.20 1983 ± 2342

Table 1: Results for BLD, AMU, and SBA when solving the proposed MMR-ILP instances

One can see from Table 1 that BLD takes an average running time of almost 5000 seconds to run.
AMU and SBA relative deviations are very close to each other. However, SBA running time is nearly ten
times greater than of AMU.

We performed a Wilcoxon Sign-Rank Test to verify if there is a significant difference between AMU
and SBA relative deviations. The Wilcoxon Test showed that both results do not significantly differ from
each other (p > 0.05). Therefore, we can conclude that AMU performs better than SBA when solving
the proposed MMR-ILP instances since it has a smaller average running time and their relative deviation
do not significantly differ.
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Abstract

This research proposes an iterated local search (ILS) algorithm for solving the periodic location
routing problem, with the additional consideration that each customer must remain assigned to the
same depot throughout the planning horizon. This is a practical consideration found in many real-
world applications, that has not been properly considered in existing methods. The ILS algorithm
will be solved for different network configurations, generated by a MIP assignment model. Instances
from the literature will be solved and indicates that the proposed solution method is effective in
dealing with this problem.

1 Introduction

When solving facility location problems, a well-known approach is to simultaneously combine location
and routing decisions in the so-called location routing problem [8]. If the customers must be served one
or more times within a planning horizon (e.g. a week) to have their demands fulfilled, then the problem
is called a periodic routing problem [1]. The combination of the periodic routing with location decisions
results in the periodic location routing problem (PLRP), as described in [3, 4, 7].

In the PLRP, several decisions must be taken such as the depots to open, the fleet to assign to each
depot, the visiting periods (visiting days) for each customer, and the routes the vehicles will perform
on each period. After having decided which depots to open and the customers visiting periods, it must
be solved a multi-depot vehicle routing problem (MDVRP) [10] for each period. However, solving
the MDVRP will not guarantee that a customer will remain assigned to the same depot throughout the
planning horizon. In the offshore oil industry, for example, each offshore unit is served by a fixed onshore
base [2], which is responsible for managing the supply operations. In the beverage industry, customers
belonging to a determined district are covered by a fixed depot due to administrative and commercial
reasons [9]. Therefore, it is important to devise solution methods that take this aspect into consideration.

The periodic location routing problem with fixed customer-depot assignment (PLRP-FA), is a chal-
lenging variation of the PLRP. Instead of solving a MDVRP for each period, the classical vehicle routing
problem (VRP) is solved for each open depot and for each period; moreover, it must be decided, for each
customer, the depot it will remain assigned during the whole planning horizon.

One challenging feature in any heuristic method focused on solving location problems is related to
the subset of depots that must be opened, given its impact on the solution and on the remaining decisions.
In this research, a MIP assignment model will be used to generate promising network configurations (de-
pots to open), and an iterated local search (ILS) method [5] will be called for the identified network
configurations, working on the remaining decisions such as fleet size, customer-depot assignment, visit-
ing periods for each customer and the daily routes.

The existing literature on PLRP in qualified journals, although relevant, is very scarce. In [7], an
iterated local search was proposed with the following modification: in the diversification phase, more
than one solution is generated, and the best solution is chosen for the following iteration. The author
also used an extended version of the Clarke & Wright algorithm to allow working with multiple depots,
and tested different rules related to the customer-depot assignment. In [3], a large neighborhood search
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was proposed with several destruction and repair operators and the annealing acceptance scheme. The
method was implemented with parallelization to allow using multiple processors. In [4], a more general
adaptive large neighborhood search was implemented to solve other variants of the PLRP.

2 Solution Method for the PLRP-FA

The proposed solution method has two main phases: 1) generation of network configurations; 2) opti-
mization of each configuration through an iterated local search algorithm.

To generate network configurations a compound assignment model (CAM), derived from [1], is
solved. Let I be the set of candidate depots; let J be the set of customers; let L be the set of periods
(delivery days); let Oi be the fixed cost for opening depot i; let Wi be the capacity of depot i; each
vehicle has a fixed cost F and a capacity Q; let Combj be the set of visiting patterns r (i.e. a set of
visiting days) drawing up from a given frequency of visits freqj for customer j (e.g. for freqj = 3,
visiting pattern r = {Mon, Wed, Fri}); let djlr be the demand of customer j on period l under pattern r;
let arl be a binary parameter that equals one if period l belongs to pattern r; the traveling cost cij is twice
the radial distance from depot i to customer j multiplied by freqj . The binary decision variables yi = 1
if depot i is opened, fijr = 1 if customer j is assigned to depot i with pattern r; the integer decision
variables Ti are the fleet size assigned to depot i.

An α parameter adjusts overestimation of the actual routing costs generated by the influence of the
radial distance costs in the objective function. As the resulting α value in an optimal solution of the
PLRP-FA is unknown, varying 0.05 ≤ α ≤ 0.95 generates different network configurations that serve
as input to the second phase of the proposed solution method. The CAM formulation is as follows:

minZ =
∑

i∈I Oiyi +
∑

i∈I FTi + α
∑

i∈I
∑

j∈J
∑

r∈Combj
cijfijr (1)

Subject to
∑

i∈I
∑

r∈Combj
fijr = 1 ∀j (2)

∑
j∈J

∑
r∈Combj

fijrarldilr ≤Wiyi ∀i,∀l (4)

fijr ≤ yi ∀i,∀j,∀r ∈ Combj (3)
∑

j∈J
∑

r∈Combj
fijrarldilr ≤ QTi ∀i,∀l (5)

yi ∈ {0, 1}, fijr ∈ {0, 1}, Ti ⊂ N ∀i ∈ I, ∀j ∈ J, ∀r ∈ Combj (6)

The objective function (1) minimizes the sum of all location costs, fleet size costs and routing costs.
Constraints (2) assign a depot and a visiting pattern for each customer. Constraints (3) ensure that
customers are assigned to open depots. The set of constraints (4) and (5) imposes capacity restrictions.
Finally, constraints (6) define the domain for the binary and integer decision variables.

Each network conguration generated by the CAM is submitted to an ILS comprising the following
steps: 2.1) feasible initial solution generation – based on fijr decision variables, a TSP is solved for each
depot and for each period, producing a giant tour that is split into routes; 2.2) local search – the following
operators are tested: a) intra-route and inter-route improvements considering all the movements described
in [6]; b) customer-depot assignment modification; c) visiting pattern modication. In cases b and c, one to
three customers are randomly excluded from the solution and are re-inserted in their best positions; 2.3)
perturbation – consists of: a) maintain the current solution and add one vehicle to a depot; b) maintain
the current fleet but modify the customer-depot assignment and/or the visiting pattern to a number of
customers. Infeasible solutions are admitted regarding the vehicle capacity, through a penalization in the
objective function. The number of perturbation phases is the stopping criterion.

3 Computational Results

Instances from [7] were solved. Table 1 indicates the instance identifier together with the instance size
(customers-depots), the objective function value obtained with the proposed method, the CPU time in
seconds and the percentual difference to the results found in [7]. Our results can be compared with [7],
as the author did not vary the customer-depot assignment throughout the planning horizon.

Cartagena, July 28-31, 2019 142



MIC 2019 id–3

Instance ILS CPU Diff %
1 [20-5] 78, 726 18.2 −0.02
2 [20-5] 75, 690 6.3 +0.18
3 [20-5] 78, 796 11.0 −1.98
4 [20-5] 62, 491 8.2 −1.09
5 [50-5] 148, 907 26.0 −4.90
6 [50-5] 137, 691 77.3 −3.47
7 [50-5] 138, 486 77.5 −3.79
8 [50-5] 111, 235 80.0 −5.26
9 [50-5] 169, 391 39.6 −4.58

10 [50-5] 98, 044 33.1 −4.60

Instance ILS CPU Diff %
11 [50-5] 155, 250 98.7 −1.70
12 [50-5] 110, 060 46.5 −3.98
13 [100-5] 343, 031 384.4 −5.36
14 [100-5] 223, 946 363.1 −4.61
15 [100-5] 264, 746 222.7 −6.02
16 [100-5] 164, 071 217.3 −2.78
17 [100-5] 219, 194 107.4 −5.97
18 [100-5] 164, 505 93.9 −6.19
19 [100-10] 262, 372 264.6 −5.79
20 [100-10] 208, 834 738.2 −5.13

Instance ILS CPU Diff %
21 [100-10] 257, 615 440.3 −8.14
22 [100-10] 166, 526 296.3 −5.60
23 [100-10] 255, 238 654.7 −6.73
24 [100-10] 190, 323 350.0 −7.11
25 [200-10] 439, 674 1, 079.4 −7.63
26 [200-10] 370, 951 944.5 −6.94
27 [200-10] 384, 629 439.9 −4.79
28 [200-10] 312, 061 428.6 −3.92
29 [200-10] 539, 201 1, 184.2 −4.96
30 [200-10] 343, 500 620.1 −4.86

Table 1: Objective function values of the ILS for the Prodhon (2011) instances

4 Concluding Remarks

It was studied the periodic location routing problem with the additional consideration of a fixed customer-
depot assignment throughout the planning horizon. The problem was solved in two stages, with a MIP
assignment model followed by an ILS heuristic. The MIP model was responsible for generating promis-
ing network configurations that were further explored by the ILS. An average reduction of −4.59% was
achieved in comparison with [7]. Future work involves the parallelization of the whole solution method.
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Abstract 

We study the problem of combined inventory routing and crew scheduling problems. To solve, 

we propose a heuristic that consists in solving three mathematical models: inventory model, vehicle 

routing model and personnel allocation model. We state the general algorithm and main assumptions 

for our method and present preliminary results of a set of instances. 

1 Introduction 

Inventory and routing are two main interrelated decisions in logistics networks, in [1] an application of 

combined decisions of transportation and inventory management in a gas company is presented. From 

the development of this Inventory Routing application, several computational and real life applications 

have been developed [2]–[6]. One of the most important related works is presented in [7] where authors 

develop a first exact model based on branch and cut strategies, also evaluating two inventory strategies: 

order-up to level and  maximum level. Besides Inventory and Routing decisions, shift scheduling and 

crew scheduling are operational problems that affects the planning process. [8] can be considered as one 

of the first works that combines inventory and routing decisions with crew scheduling. 

In this research we propose an extension of the classical Inventory Routing Problem by including 

the crew scheduling problem considering breaks in the planning process. The aim of this problem is to 

design a distribution network comprising a central depot in which in every period decisions of replen-

ishment must be taken according to inventory levels in each customer, also a set of capacitated vehicles 

are available at the depot in order to distribute the product to the customers. Finally, when planning the 

routing process, also we involve the crew scheduling problem by considering the drivers. The objective 

is to minimize the total costs divided into the inventory holding costs, the routing and the crew schedul-

ing problems. The problem is difficult to solve involving different NP-Hard problems.   

2 Problem description 

The basic inventory routing problem is defined over a graph 𝒢 = (𝒱,𝒜) where 𝒱 = {𝓋1, … , 𝓋𝑛+1} is 

the set of 𝑛 + 1 nodes (node 1 represents the supplier in a distribution network with 𝑛 customers) and 

𝒜 = {(𝑖, 𝑗) | 𝑖, 𝑗 ∈  𝒱, 𝑖 ≠ 𝑗} is the set of arcs that connects the nodes in the set 𝒱. The supplier from a 

central depot must satisfy the demand of a subset of customers 𝒱𝑝 = 𝒱   \{1}, the deterministic demand 

is defined by a parameter 𝑑𝑖
𝑡 and can change in every period 𝑡 ∈ 𝒯 = {1,… , 𝛵}. Drivers, defined by a 

set 𝒟 = {1,… , D}, must transport a single good throw the use of a set of vehicles 𝒦 = {1, . . , 𝛫}. The 

following are the constraints considered in the model: 

 

• Inventory level constraints at the depot and the customers 

• Upper and lower inventory level constraints at the customers 

• Capacity of vehicles constraints 
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• Vehicle routing constraints: flow, capacities, time windows and sub-tour elimination 

• Shift scheduling constraints: beginning and end of shifts and breaks  

• Allocation of drivers in shifts 

• Allocation of drivers in vehicles 

• Logical constraints of vehicles with shifts and drivers 

3 Solution approach and preliminary results 

Our method consists in algorithm with three mathematical models stated in Algorithm 1. We solve three 

models sequentially for each period in the planning horizon. The inventory_model() solves a mixed 

integer model to minimize the total inventory costs subject to constraints related with  inventory level 

constraints at the depot and the customers, the upper and lower inventory level constraints at the cus-

tomers, and the capacity of vehicles constraints. The routing_model() solves a vehicle routing problem 

with time windows in order to minimize the travel costs and the penalizations of time windows subject 

to vehicle routing constraints such as flow, capacities, time windows and sub-tour elimination and shift 

scheduling constraints such as beginning and end of shifts and breaks. The personnel_model()  solves a 

mixed integer model to allocate drivers to shifts to minimize the personnel allocation costs subject to 

allocation of drivers in vehicles constrains and logical constraints of vehicles with shifts and drivers. 

 

Algorithm 1. ILS approach 

1:  Define planning horizon |𝒯′|  

2:  for t in 𝒯′, do  

3:         Solve inventory_model()→ 𝑠1 

4:         𝐼𝑠𝑜𝑙𝑖𝑡⟵𝐼𝑖𝑡−𝑆𝑂𝑖𝑡 ∀𝑖∈𝒱; 𝑡∈ 𝒯′  

5:         𝑞𝑠𝑜𝑙𝑖𝑘𝑓𝑡⟵𝑞𝑖𝑘𝑓𝑡 ∀𝑖∈𝒱; 𝑘∈𝒦; 𝑓∈ℱ; 𝑡∈ 𝒯′  

6:         𝑦𝑠𝑜𝑙𝑖𝑘𝑓𝑡⟵𝑦𝑖𝑘𝑓𝑡 ∀𝑖∈𝒱; 𝑘∈𝒦; 𝑓∈ℱ; 𝑡∈ 𝒯′  

7:        If 𝑠1 is optimal or feasible then  

8:                Solve routing_model()→ 𝑠2 

9:                  𝑥𝑠𝑜𝑙𝑖𝑗𝑘𝑓𝑡⟵𝑥𝑖𝑗𝑘𝑓𝑡 ∀ 𝑖∈𝒱;𝑗∈𝒱; 𝑘∈𝒦; 𝑓∈ℱ; 𝑡∈ 𝒯′  

10:                  𝑒𝑠𝑜𝑙𝑖𝑘𝑓𝑡⟵𝑒𝑖𝑘𝑓𝑡 ∀ 𝑖∈𝒱; 𝑘∈𝒦; 𝑓∈ℱ; 𝑡∈ 𝒯′  

11:                  𝑤𝑠𝑜𝑙𝑘𝑓𝑡⟵𝑤𝑘𝑓𝑡 ∀ 𝑘∈𝒦; 𝑓∈ℱ; 𝑡∈ 𝒯′  

12:        Else: Break 

13:        If 𝑠2 is optimal or feasible then 

14:                Solve personnel_model()→ 𝑠3 

15:                 𝑔𝑠𝑜𝑙𝑑ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑒⟵𝑔𝑑ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑒 ∀ 𝑑∈𝒟; 𝑡∈ 𝒯′  

16:                 𝐵𝑖⟵𝐼𝑠𝑜𝑙𝑖𝑡−𝑋̅ 𝑖+𝑑𝑖𝑡  
17:        Else: Break 

18:  End for  

 

3.1 Results 

We adapt and generate a set of instances based in [2], [7]. We consider a set of customers between 5 and 

10, a set of periods of 14, 28, and 56, a set of vehicles of 2,3, 5, and 10, and a set of drivers between 2 

to 10.  

 

In Table 1 we present the results of routing and personnel costs with the occupation per vehicles and 

driver of instances with 5 and 10 customers and 2 to 10 vehicles. It can be seen a relationship between 

all the resources, and this allows to evaluate the level of management costs, the available occupation, 

also the time that the driver and the vehicle must occupy of the total of their daily capacity is measured.  
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Table 1. Results of costs and occupation of instances of 5 and 10 customers 

Resources 

5 customers 10 customers 

Routing cost 

Avg of 

Vehicles 

per pe-

riod 

Avg Oc-

cupa-

tion of 

vehicles 

Person-

nel cost 

Avg 

Cost 

per 

driver 

Avg Oc-

cupation 

of driv-

ers 

Routing 

cost 

Avg of 

Vehicles 

per pe-

riod 

Avg Oc-

cupation 

of vehi-

cles 

Person-

nel cost 

Avg 

Cost 

per 

driver 

Avg Oc-

cupation 

of driv-

ers 

2 Vehicles 

2 Drivers 23591,384 1,816 79,432 14,478 0,134 4,938 93220,86 2 88,818 0 0 0 
3 Drivers 23591,384 1,816 79,432 104,274 1,168 33,434 92957,26 2 89,694 33 0,332 8,224 

4 Drivers 23591,384 1,816 79,432 256,836 3,3 81,014 92957,26 2 89,694 281,25 3,33 79,606 
5 Drivers 23591,384 1,816 79,432 279,904 3,634 90,772 92957,26 2 89,694 282,542 3,866 84,984 

6 Drivers 23591,384 1,816 79,432 288,236 3,834 90,228 93220,86 2 89,622 314,142 4,298 91,146 

3 Vehicles 

2 Drivers 65815,46 2,032 56,598 15,642 0,2 4,552 188193,44 2,248 62,972 0 0 0 
3 Drivers 65815,46 2,032 56,598 82,334 1,202 30,12 188193,24 2,248 63,342 4,012 0,1 1,322 

4 Drivers 65815,46 2,032 56,598 193,502 2,534 60,704 188193,24 2,248 63,342 90,168 1,634 37,648 

5 Drivers 65815,46 2,032 56,598 266,43 3,966 81,022 183172,44 2,182 61,852 183,232 3,432 67,54 
6 Drivers 65815,46 2,032 56,598 279,988 4,164 82,79 284012,12 1,734 47,274 197,84 4,634 78,55 

5 Vehicles 

4 Drivers 120944,9 2,084 34,908 91,472 1,4 34,1 240668,2 1,948 31,576 15,608 0,266 4,404 

5 Drivers 120944,9 2,084 34,908 204,75 3,966 68,592 240668,2 1,948 31,576 67,886 1,632 27,098 
6 Drivers 120944,9 2,084 34,908 245,666 4,866 80,898 240764,2 1,948 31,8 121,176 3,432 53,622 

10 Drivers 120944,9 2,084 34,908 252,52 5,402 83,43 255243,4 1,964 31,614 184,732 5,866 82,502 

10 Vehicles 

5 Drivers 110680,656 0,882 7,16 24,884 0,234 4,968 87717,5 0,65 4,98 0 0 0 
10 Drivers 110680,656 0,882 7,16 114,418 3,634 47,948 87717,5 0,65 4,98 29,084 1,6 13,134 

20 Drivers 110680,656 0,882 7,16 111,402 4,768 40,662 87717,5 0,65 4,98 26,36 2 10,99 
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Abstract

This work addresses the Flexible Job Shop Scheduling Problem with Transportation resources
(FJSPT), which can be seen as an extension of both the Flexible Job Shop Scheduling Problem
and the Job Shop Scheduling Problem with Transportation resources (JSPT). Regarding the former
case, the FJSPT additionally considers that the jobs need to be transported to the machines they are
processed in; while regarding the latter, in the FJSPT the specific machine processing each operation
also needs to be decided. The FJSPT is NP-hard since it extends NP-hard problems. In here, we
propose a biased random key genetic algorithm to efficiently find good quality solutions.

1 Introduction

Manufacturing competitiveness is a key concern in many industries and, typically, involves either cost-
saving initiatives or productivity increasing ones. Here, we address manufacturing productivity by opti-
mizing the scheduling of the activities involved in production; thus, improving resources utilization.

Due to the complexity involved in job shop scheduling problems, researchers typically limit the
scope of the problem by considering some simplifying assumptions. This, in turn gives rise to a plethora
of scheduling problems. The most common assumptions include predefined machine-operation assign-
ments and disregarding material handling/transport activities - the job shop scheduling problem (JSP).

However, most manufacturing systems include flexible machines capable of performing several op-
erations and thus, operations can be processed in a subset/all available machines. In such cases, machine-
operation assignments are no longer predetermined and need to be found. Incorporating this flexibility
into the JSP leads to the Flexible JSP (FJSP), which has been extensively researched [1]. On the other
hand, usually, the movement of materials in the shop floor is disregarded, which in addition to being
unrealistic, may render the schedules found infeasible. Some authors consider material movements by
introducing a time lag. This is still unrealistic as it assumes vehicles to be always available. More
recently, some studies have been reported on the JSP with a material handling system, designated as
JSPMH, JSPT, or scheduling in flexible manufacturing systems. This problem also requires to deter-
mine the sequence of job movements by each vehicle. Most approaches proposed to address the JSPT
solve the two subproblems sequentially rather than simultaneously. A solution obtained this way may
be sub-optimal or even infeasible. There are, however, some approaches simultaneously scheduling both
resources [7]. The JSPT is NP-hard since it combines two NP-hard problems, the JSP and the vehicle
scheduling problem. Thus, most of the proposed approaches are of heuristic nature; indeed, only very
recently, the first solvable mixed integer linear programming (MILP) model has been reported [3].

This work addresses the flexible JSP with transportation FJSPT combining the above two extensions,
which has been recently proposed by Deroussi [2]. Therefore, a solution to the FJSPT includes finding:
machine-operation assignments, a schedule for each machine, vehicle-move assignments, and a schedule
for each vehicle. As far as we are aware of, only eigth works have been reported on this problem; see [5]
and the references therein.

1The authors acknowledge the financial support of FEDER/COMPETE2020/POCI/MCTES/FCT through grants
PTDC/EEI-AUT/2933/ 2014, POCI-01-0145-FEDER-031821, and PTDC/EEI-AUT/31447/2017.
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2 Problem Definition

In the FJSPT one wishes to process n independent jobs J = {J1, J2, . . . , Jn} on a set of M =
{M1,M2, . . . ,Mm} machines, moved by a set of vehicles V = {V1, V2, . . . , Vr}. Each job Ji con-
sists of an ordered set of ni operations {Oi1, Oi2, . . . , Oini}, each of which can be performed in a subset
of machines Mij ⊆ M with a processing time pmij . Each resource (machine and vehicle) can perform
(without preemption) one operation at the time and each job can be processed by one resource at the
time. All vehicles move at the same speed and can transport jobs between any two locations l1 and l2
with travel time T l2

l1
. Note that, vehicles may move empty to pick up a job before dropping it off else-

where. As usual, we assume sufficient machine buffer, where jobs can wait for either the machine or a
vehicle. The shop floor layout is known and, in addition to the machines also has a load/unload (LU)
area, where initially all jobs are located and are to be dropped off once completed.

Each job is picked up by a vehicle, at the LU area, and moved to the machine assigned to perform
its first operation. Once an operation is completed, a vehicle moves the job from its current location to
the machine performing its next operation. This process is repeated until the last operation of the job is
processed, which can then be moved back to the LU area. The objective is to minimize the makespan.

3 A Biased Random Key Genetic Algorithm

This work proposes a Biased Random Key Genetic Algorithm (BRKGA) that makes use of the frame-
work proposed in [4]. Since, the solution space of the optimization problem is searched indirectly, the
framework can be used to solve a wide range of problems [4, 6] and requires only the definition of
the chromosome representation and of the decoder. A solution to the FJSPT is encoded as a vector of
N =

∑n
i=1 ni elements, where elements 1 to n1 refer to the operations of job 1, elements n1 + 1 to

n1 +n2 to the ones of job 2, and so on. Each vector element is a random key (RK), i.e., a real number in
the interval [0, 1]. The decoding procedure sorts the vector of RKs in ascending order and converts the
indices of the sorted vector into a sequence of repeated jobs, which is then converted into a sequence of
operations by replacing (from left to right) the jth appearance of job i by operation Oij , as illustrated in
Figure 1 for three jobs each with two operations. Note that, a sequence of operations imposes a sequence
of job moves as, to have operation Oij performed at machine, say M1, job i needs to be moved from the
machine processing operation Oij−1 (or LU if Oij is the job’s first operation) to machine M1.

A solution also requires machine-operation and vehicle-move assignments, which are determined by
a greedy heuristic that starts by choosing the vehicle to perform the move as the one that can pick up the
job at its current location the earliest and then the machine to process the next operation of the job as the
one that can finish processing it the earliest, for details see Algorithm 1.

Figure 1: Decoding. Algorithm 1: Assignment heuristic. Figure 2: Evolutionary strategy.

A new population is obtained from the current one by copying elite solutions, introducing some
random solutions, and generating through parametrized uniform crossover the remaining ones, see Figure
2. Bias is introduced by selecting one parent from the elite solutions and another from the remaining
solutions and by giving a larger inheritance probability to the genes of the elite parent.
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Table 1 reports the computational performance of the proposed BRKGA and compares it with that of
state of art heuristics for the existing ten benchmark problem instances [2]. After providing information
on the instances (M - machines, J - Jobs, O - operations), we report the optimal makespan (C∗

max) and
time required (in seconds) to find it [5], the best makespan (Best) and optimality gap (Gap in percentage)
for the three heuristics, and the average BRKGA time requirements (in seconds).

Instances MILP [5] GATS [8] GTSB [9] BRKGA
M-J-O C∗

max Time Best Gap Best Gap Best Gap Time
8 - 5 - 13 94 2.26 94 0.00 94 0.00 96 2.16 0.32
8 - 5 - 17 144 43.10 150 4.17 146 1.39 144 0.00 0.70
8 - 5 - 19 114 280.64 124 8.77 124 8.77 120 5.26 0.98
8 - 6 - 15 114 17.12 118 3.51 118 3.51 118 3.51 0.50
8 - 6 - 16 120 4.44 124 3.33 124 3.33 120 0.00 0.61
8 - 6 - 18 138 42.09 144 4.35 144 4.35 138 0.00 0.86
8 - 6 - 20 178 131.67 180 1.12 181 1.69 178 0.00 1.18
8 - 6 - 21 174 1396.50 178 2.30 178 2.30 174 0.00 1.34
8 - 7 - 19 134 554.25 144 7.46 146 8.96 138 2.99 0.97
8 - 8 - 19 110† 9852.20 124 12.73 122 10.91 114 3.64 0.93

In all instances, each operation is performed in one of two possible machines.
Table 1: Computational results (†no optimal solution was found within the 50 thousand seconds limit).

As it can be seen, the BRKGA can find very good quality solutions, actually optimal for half of the
instances, very quickly. When compared with existing heuristics [8, 9] its best solution is better in eight
of the 10 instances solved and only worse for one instance. In addition, the average optimality gap is
under 2%, while for the other two heuristics it is almost 5%. Time requirements are always under two
seconds; however, solving the MILP takes up to 23 minutes, disregarding the last instance.
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Abstract
This paper describes a GRASP algorithm aiming to solve a new scheduling problem known as

the Multi-Skill Project Scheduling Problem with Partial Preemption, in which not all resources are
released during preemption periods. We use a self-adaptive strategy for fixing the cardinality of the
restricted candidate list in the greedy phase of the GRASP. We also propose an adaptive evaluation
function that includes memory-based intensification, exploiting the characteristics of the best solu-
tions, and a feasibility element for increasing the number of feasible solutions visited. Numerical
experiments show the interest of the proposed approach.

1 Introduction

We propose a variant of the Multi-Skill Project Scheduling Problem (MSPSP), aiming to represent the
real scheduling process of activities within a nuclear research laboratory: the MSPSP with Partial Pre-
emption (MSPSP-PP). The MSPSP is a generalisation of the well-known Resource-Constrained Project
Scheduling Problem, where resources are characterised by the skills they master, and non-preemptive
tasks require a certain amount of resources with a specific skill. Determining a solution consists in com-
puting the periods in which each activity is executed and also which resources are assigned to the activity
at each period, while satisfying activity and resource constraints: a resource can execute only those skills
it masters and must cover only one skill per activity.

The main characteristic of the variant we consider, the MSPSP-PP, is that we allow activities pre-
emption, but we handle the resource release during preemption periods in an innovative way: not all
resources can be released, and the possibility of releasing them depends on the characteristics of the
activity. We can classify activities within three types: Non-preemptive, for which no resource can be re-
leased; partially-preemptive, for which a subset of resources can be released; and preemptive, for which
all resources can be released. These activities are scheduled over renewable resources with limited ca-
pacity; they can be cumulative mono-skilled resources (compound machines) or disjunctive multi-skilled
resources (technicians) mastering Nbj skills. Multi-skilled resources can respond to more than one skill
requirement per activity and may partially execute it (except for non-preemptive activities where tech-
nicians must perform the whole activity). An activity is defined by its duration (di), its precedence
relationships, its resource requirements k (Bri,k), its skill requirements c (bi,c) and the subset of pre-
emptive resources. Also, activities might or not have either a deadline (dli) or a release date (ri). The
MSPSP-PP is NP-hard, and the use of exact methods can be prohibitive for large-sized industrial in-
stances. That is why, in the remainder of this paper, we describe a Greedy Randomized Adaptive Search
Procedure (GRASP) aiming to get near-optimal solutions in a reasonable amount of time.

2 GRASP for the MSPSP-PP

A GRASP is an iterative multi-start algorithm, in which each iteration consists of two phases: generation
and local search. In the generation phase, a feasible solution is generated; then its neighbourhood is
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explored by the local search algorithm. The best solution found over all GRASP iterations is kept as the
results. In the following of this section, we describe a GRASP algorithm for the MSPSP-PP.

2.1 Generation and local search phase

In each greedy iteration, using a serial generation scheme, we select an activity randomly from the
restricted candidate list (RCL), we then identify the earliest periods when this activity can be scheduled
(according to its preemption type and resources and technicians availability), and we finally allocate the
technicians to the activity using a Minimum-Cost Maximum-Flow (MCMF) problem.

Let F (Ai) be an adaptive evaluation function, which indicates the degree of relevance of planning
activityAi in the current greedy iteration. Let also defineM as the number of not yet scheduled activities
after the current greedy iteration. The RCL is made up of the 1 +α ∗M , α ∈ [0, 1], activities having the
best F values. Each element within the RCL has a probability of being chosen (πi) defined as follows:

πi =
F (Ai)∑

j∈RCL F (Aj)
. (1)

For choosing the value of α, we propose to use the reactive strategy proposed by Praias and Ribeiro
[2], where the value of α is randomly selected from a discrete set Ψ = {α1, ..., αn} of possible α values.
The probabilities associated with the choice of each value are all initially uniformly distributed. After
a few iterations, they are periodically reevaluated taking into consideration the quality of the obtained
solution for each αk ∈ Ψ.

The allocation problem is formulated as a MCMF problem over a bipartite graphGi = (X,F ), X =
S ∪ P , where S represents the set of skills required by activity Ai and P is the subset of available
technicians who master at least one of the skills within S. In this graph, there is an edge between the
source vertex and each vertex Sc ∈ S whose maximum capacity is equal to bi,c (need of the skill c
for executing the activity Ai). There is also an edge between a vertex Sc and a vertex Pj ∈ P , iff the
technician Pj masters the skill Sc. The maximum capacity of this arc is fixed to 1 since a technician
can only respond to one unit of need per skill. Similarly, there is an edge between each vertex Pj

and the sink of the graph, with a maximum capacity equal to the number of skills mastered by the
technician Pj (Nbj). We associate a cost (CTi,j) that is related to the criticality of the technician Pj for
not yet scheduled activities. To determine the technicians to allocate to the activity, we solve the MCMF
problem, and we look at the vertices Pj ∈ P through which the flow passes.

2.2 Local Search

To explore the neighbourhood, we use an incomplete binary search tree partially inspired on the “Limited
Discrepancy Search”. For each sequence used in the generation phase, there is a big amount of possible
schedules that are defined by the technician allocations we made. The objective of the algorithm is to
visit some of these possible schedules. For developing the search tree, we use the sequence obtained in
the generation phase within a serial greedy algorithm (similar to the one used in the generation phase,
but forced always to follow a given sequence). Every time we must effectuate a technician allocation,
we generate a node having in the left-hand branch the best allocation we get solving the MCMF, while
in the right-hand branch we have the second best allocation (if such a solution exists). Visiting the whole
binary tree can be still prohibitive for industrial instances. From the way schedules are generated, we
can expect that heuristics chance of making poor decisions decreases as we add more activities to the
partial schedule (going deep in the search tree). We exploit this characteristic by giving to each node a
probability, that decreases with its depth in the tree, to examine the right branch; reducing the number
of explored branches. Moreover, we limit the maximal number of “discrepancies” (number of times we
choose the second best solution for the MCMF) of the branch we visit.

2.3 Adaptive greedy evaluation function

The proposed adaptive greedy evaluation function has three components: priority rule (L(Ai)), intensi-
fication (I(Ai)) and feasibility (G(Ai)); and it is defined as follows:
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F (Ai) = β ∗ L(Ai) + δ ∗ I(Ai) + γ ∗G(Ai) . (2)

Priority due to priority rule (L(Ai)): Computational experiments, presented in [1], suggest that using
priority rules “Most Successors” and “Greatest Rank” provide smaller optimality gaps. Let Sci be the
set of successors of activity Ai; we can define the priority function as follows:

L(Ai) = di +
∑

j∈Sci
dj . (3)

Intensification component (I(Ai)): The idea is to use the characteristics of a set ε of q elite solutions
to influence the construction phase. In our algorithm, the quality of the solution is highly dependent on
the order (Seqk) in which activities have been treated to obtain solution k. Let define Bef(k, i, l) as a
binary function taking the value of 1 is activity i was treated before activity l in the Seqk, 0 otherwise.
Let L be the set of not yet scheduled activities. The intensification component is defined as follows:

I(Ai) =
∑

k∈ε

∑

l∈L
Bef(k, i, l) . (4)

Feasibility factor (G(Ai)): Time windows makes it difficult to find feasible solutions with the greedy
algorithm. We introduce a component giving priority to activities with a short slack time. Slack time
(Slacki) refers to the margin that an activityAi has in its planning window. It is a function of the deadline
(dli), the earliest start time (ri

˜
), and the activity duration. The feasibility factor is defined as follows:

G(Ai) =
1

dli − ri
˜
− di

. (5)

Note that L(Ai), I(Ai) and G(Ai) must be normalised before taking the weighted sum. Moreover,
we have β, δ, γ ∈ [0, 1] and β + δ + γ = 1. Parameters δ and γ are self-adaptive, and their values are
periodically updated. If after K iterations the number of infeasible solutions increases, we must increase
the value of γ; on the contrary, if this number decreases, we decrease γ. On the other hand, the parameter
δ decreases when the diversity of obtained solutions is too low and increases when the variability is high.

3 Results and conclusions

The GRASP algorithm was tested over a set of 200 instances. The instances have an average makespan
of 80 time units, 30 activities with a duration between 5 to 15 time units, up to 5 skills per activity, 8
cumulative resources, 8 technicians (multi-skilled resources). 20% of the activities have release date and
deadline (all other characteristics are random). The algorithm allows to obtaining an average gap to opti-
mality of 2.12% within an average time of 35.5 seconds with the size of the elite solution set equal to 20,
and the maximal number of GRASP iterations with feasible solutions equal to 550. To analyse the impact
of the intensification component, we tested a version of the algorithm without this factor with the same
stopping criteria. After a statistical test, we cannot prove that the intensification component significantly
improved the average optimality gap (2.16% for the version without intensification). However, the time
required by the algorithm is lower when the intensification component is used (44.87 sec if not used).
This is because the intensification factors also help the algorithm to generate less unfeasible solutions.
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Abstract

With the surge of smart manufacturing and automation, production systems require sophisticated
methods and approaches to solve complex scheduling problems. Within this context, we address the
flexible job shop scheduling problem with non-fixed unavailability constraints. This problem is an
extension of the classical flexible job shop scheduling in which machines have a non-fixed unavail-
ability period that should be scheduled within a time window. This may correspond to a preventive
maintenance activity or a technological upgrade that should be scheduled within a determined period.
To solve the problem, we propose a fast and efficient late-acceptance hill climbing approach based on
an effective encoding and two neighborhood operators. The approach is then tested on a benchmark
from the literature and we show that better results are attained.

1 Introduction

Flexible production systems are taking a bigger importance and gaining more attention due their practical
benefits for industrial applications in the era of smart manufacturing. The Flexible Job Shop Scheduling
Problem (FJSSP) is among the most studied scheduling problems for flexible production systems. FJSSP
is an extension of the well-known Job Shop Scheduling Problem (JSSP), which is NP-Hard. It has been
introduced by Brucker and Schlie [1] and was later addressed by numerous works. Different constraints
and objectives have been considered for this strategic problem. Energy consumption [4], limited re-
sources [6], among others, have all been considered in FJSSP with objectives such as the makespan, the
total completion time, the maximum machine workload or the total machine workload.

In FJSSP, the aim is to schedule a set of n jobs on m machines. Each job i comprises a number
of operations ni, denoted Oi,1, . . . , Oi,ni . An operation k of a job i can be performed on a set of given
machines, noted Mik. To consider the job i as completed, all its operations must be executed on the set
of allowed machines Mik.

In this study, we consider the Flexible Job Shop Scheduling Problem with Non-Fixed Availability
periods for the machines (FJSSP-nfa). This problem is an extension of the classical FJSSP whereby ma-
chines have some non-fixed unavailability periods, denoted PMjl (period l of machine j). The machines
are considered unavailable due to maintenance periods or technological upgrade and this unavailability
period has to be scheduled during the scheduling process within a time window, i.e. the unavailability
period is not fixed beforehand. Such a problem can be found today in production systems with preventive
maintenance activities that are not fixed beforehand but have to be within a time window. We consider
three objectives to be minimized: the makespan, the maximum machine workload and the total workload
of machines.

Compared to FJSSP, fewer works have been interested to the FJSSP-nfa. This problem has been
introduced by Gao et al. [3]. In their work, the authors considered the three objective functions to
be minimized. They proposed a hybrid genetic algorithm and two heuristics based on the critical path
for the problem. Since the FJSSP is a special case of FJSSP-nfa in which no unavailability period is
considered, they modified existing FJSSP instances by considering one unavailability period for each
machine. Rajkumar et al. [7] solved the same problem using a GRASP metaheuristic and showed
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that their approach outperforms that of Gao et al. [3] for some instances. Li et al. [5] proposed a
Discrete Artificial Bee Colony (DABC) approach and showed that their approach is able to find other
non-dominated solutions for the problem.

2 Solution approach

In our work, we solve the FJSSP-nfa using the Late-Acceptance Hill Climbing approach. This meta-
heuristic was introduced by Burke and Bykov [2]. They showed that this metaheuristic overcomes
hinges of well-known metaheuristics such as parameter tuning. With a unique parameter and adapted
neighborhood operators, this approach can be effective in solving hard optimization problems. To solve
the problem at hand, we use a modified scheme of the one used in [2]. To the best of our knowledge, this
approach has never been applied to any variant of FJSSP.

A solution is encoded using a list of machine-operation assignments. To obtain a solution from such
a list, the machine-operation assignments are taken in row and scheduled. The unavailability periods are
then inserted into the schedule by shifting operations which are scheduled during unavailability periods.
Such an encoding allows us to obtain a feasible solution without a need of reparation procedures.

The neighborhood operators consist of a swipe operator and a shift operator. The swipe operator
swipes two machine-operation from the list in an attempt to shuffle the schedule. The shift operator
changes the order of machine-operation assignments in the list by shifting one machine-operation as-
signment to another random place in the list. The choice of machine-operation assignments in both
operators is randomly performed and the new solution is accepted according to the late-acceptance hill
climbing criterion (see Algorithm 1). These operators showed good performance in mutating solutions
and moving across neighborhoods.

Algorithm 1 displays the scheme of the approach. After the initialization of the parameter LFA and
the creation of a random solution, the LAHC list of size LFA is initialized with the cost of the random
solution. At each iteration i, the approach generates a candidate solution s′ using the neighborhood
operators. If the candidate solution has a better fitness than L[p], then L[p] = C(s′). The approach runs
for a number of iterations ITER MAX .

Algorithm 1: LAHC algorithm.

1 Initialize parameter LFA
2 Produce randomly an initial solution s0 with a cost C0

3 Create and initialize a current solution s = s0 and a current cost C = C0

4 Create a list L of size LFA, with L[z] = C0, ∀z ∈ {0, . . . , LFA− 1}
5 i = 0, p = 0
6 while i < ITER MAX do
7 Generate a candidate solution s′ using neighbordhood operators on s
8 Compute the cost of solution s′ : C(s′)
9 p = i mod LFA

10 if (C(s′) ≤ L[p] or C(s′) ≤ C) then
11 Accept new solution and store its cost: s = s′, C = C(s′)
12 L[p] = C(s′)
13 end
14 i = i+ 1

15 end
16 Return the best solution in L

Table 1 presents a comparison between existing approaches and the proposed LAHC. Due to space
limitation, the largest instance 10 × 15 (10 machines, 15 jobs and 56 operations) is chosen to compare
the four approaches: hGA [3], GRASP [7], DABC [5] and the proposed LAHC. As in [7], two linear
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hGA[3] GRASP [7] DABC [5] LAHC
Wt 109 107 107 98
Wmax 12 13 12 12
Cmax 12 16 12 13

F (0.5− 0.3− 0.2) 60.5 60.3 57.7 55.2
F (0.5− 0.2− 0.3) 60.5 60.9 57.7 55.3

Table 1: A comparison between existing approaches and the proposed LAHC on a 15×10 problem.

combinations of the three objectives are chosen as objective functions. As it can been seen from Table 1,
LAHC reaches a solution that dominates the solution of the GRASP approach. Moreover, when a linear
combination of the three objectives is used, our approach clearly reaches the best solution.

3 Conclusion

This study tackles the flexible job shop scheduling problem with machine unavailability. The considered
problem is an extension of the classical flexible job shop scheduling problem where machines have a
non-fixed unavailability period that has to be scheduled within a specified time window. Three objective
functions were to be minimized: the makespan, the maximum machine workload and the total machine
workload.

An effective late-acceptance hill climbing metaheuristic was proposed. This approach has never
been applied to flexible job shop scheduling problems and proved to be efficient in solving the problem.
Indeed, a new better solution for the 10×15 problem was reached in a short time.

In future works, we aim to apply the approach on the classical flexible job shop scheduling problem.
To that end, the proposed approach will be adapted, in particular the neighborhood operators.
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Abstract

In this paper, a novel multi-objective variable neighbourhood search algorithm (MO-VNS) is
applied to a problem arising in radiation therapy called beam angle optimization. The MO-VNS
implements two different neighbourhood moves: the first one is focused on the exploration of the
search space while the second one is more focused on the exploitation of the search space. Further,
the algorithm implements some problem-specific rules to guide its search. The algorithm is applied to
a prostate case and compared to a Pareto local search algorithm previously proposed in the literature.
Results show that our MO-VNS algorithm is quite competitive in terms of the quality of the obtained
treatment plans and it is able to converge to a set of locally efficient plans within clinically acceptable
times.

1 Introduction

Radiation therapy (RT) is, along with chemotherapy, the most common technique to treat cancer. The
main goal in RT is to eliminate cancerous cells from the tumour without damaging surrounding normal
tissues and organs at risk (OAR). Since OARs are usually quite close to the tumour region, delivering
no radiation to the OARs is, in general, simply not possible and, thus, we usually have to be content
with minimising the amount of radiation that is delivered to the OARs. This occurs because there is a
trade-off between tumour radiation and OARs sparing. One technique that has been shown to be effective
in this purpose is the intensity modulated radiation therapy (IMRT). One distinctive feature of IMRT is
that it allows treatment planners to modulate the radiation that is delivered to the patient, leading to more
uniform tretament plans.

The IMRT problem is a challenging optimisation problem where we need, first, to select the beam
angles radiation will be delivered from. After the beam angle configuration (BAC) has been selected, the
best possible treatment plan that can be delivered using such a BAC must be computed. This problem
is called the fluence map optimisation problem (FMO). Finally, the optimal treatment plan computed
during the FMO problem must be delivered using a sequence of apertures that needs to be computed.
This problem is called the multi-leaf collimator (MLC) sequencing. In this study we focus on the beam
angle selection problem (BAO) which, in turn, needs to solve the FMO problem for each BAC that is
evaluated. We do not consider the MLC sequencing problem in this study.

The BAO problem has received an increasing attention during the last 15 years. The vast majority of
the approaches proposed so far use a heuristic algorithm to explore the BAC space while using linear or
nonlinear solvers to solve the associated FMO problem. Then, the BAC that produces the best treatment
plan is selected as the best BAC found by the heuristic. Although appealing, all these single-objective
approaches need a set of importance weights to be defined by treatment planners before the optimization
step. This is, we need to define a priori, how important is to reach the prescribed dose to the tumour
w.r.t. protecting a surrounding OAR. Obviously, to define the weights is a very difficult task, especially
because each treatment planner (and medical institution) has their own protocols and reference values.
More recently, some strategies have been proposed to solve the BAO problem from a multi-objective
point of view. In [1], authors propose an adaptive Pareto Local Search to solve the MO-BAO problem.
The proposed PLS is able to modify its importance weights at each iteration in order to produce a more
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diverse and well-distributed set of efficient treatment plans. However, their approach takes too long
before converging to a set of locally efficient treatment plans. This provokes that their approach cannot
be applied in clinical practice.

In this paper, we propose a multi-objective variable neighbourhood search algorithm (MO-VNS) to
solve the MO-BAO problem. We aim to find solutions that are as good as the ones obtained by the PLS
algorithm within clinically acceptable times. For this reason, a set of problem-specific rules have been
implemented in order to reduce the search space of the VNS algorithm. More details on the MO-VNS
algorithm are given in Section 3

2 MO-BAO Problem: Mathematical Formulation

The MO-BAO problem we are investigating in this paper is

min
A ∈PN (K)

MO-FMO(A ) (1)

where PN (K) is the set of all N -element subsets of K = {kπ/36 : k = 0, 1, 2, . . . , 72}, with N > 0 the
number of angles in a BAC. Here the associated MO-FMO problem is

MO-FMO (A ) : min
x∈X (A )

z(x) =




z1(x)
z2(x)

...
zp(x)


 (2)

with z : Rn → Rp, where z (x) is a vector of p conflicting objective functions and the fluence map x. The
set X (A ) is the set of all feasible solutions of the MO-FMO problem when BAC A is considered. Only
beamlets xi that belong to a beam angle in A are allowed to have a value greater than zero. The solution
of the MO-BAO problem is the set AE containing all efficient BACs which use exactly N angles.

3 MO-VNS

In this study, a MO matheuristic algorithm based on VNS is proposed to solve the MO-BAO problem.
While the VNS algorithm seeks for high quality BACs, a nonlinear solver, called IpOpt [2], is used to
solve the corresponding MO-FMO problem. The VNS prposed here uses two different neighbourhood
definitions. The first one consists on moving ±5 each beam angle within the configuration. Thus, each
BAC hasN×2 neighbours (see Figure 1a). The second movement consists on replacing one of the beam
angles in a BAC by a randomly chosen one (see Figure 1b). While the first movement is quite effective
in exploiting the search space, the second one helps us to effectively explore the search space.

(a) (b)

We apply our MO-VNS algorithm to a prostate case where two OARs are considered, namely the
bladder and the rectum.
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4 Preliminary Results and Future Work

In this study we have presented a novel MO-VNS problem applied to the MO-BAO problem in radiation
therapy. Preliminary results show that our approach can produce a large set of treatment plans within
clinically acceptable times. Further, implemented ad-hoc rules allows the MO-VNS algorithm to better
explore the search space, avoiding BACs that does not contribute to the quality of the set of efficient
treatment plans. As future work, we aim to include the multi-leaf collimator sequencing problem within
the proposed framework so we can solve the entire MO-IMRT problem using a one-step approach. More-
over, other problem-specific rules might also be implemented to make the search more efficient in the
BAC space.
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Abstract 

The generation of correlated random variables is relevant in the stochastic simulation of financial 

and manufacturing systems, among many other applications. Generally accepted techniques to gen-

erate correlated multivariate observations rely on the mathematical attributes of the probability den-

sity functions of the random variables. In this paper, we propose a new approach based on Iterated 

Local Search (ILS) that induces a desired correlation structure to multivariate random data inde-

pendently of the probability density function of the input variables. The proposed methodology is 

able to improve the quality of the results found by the Iman & Conover method [2]– currently used 

in commercial simulators such as Crystal Ball – at a low computational cost.  

1 Introduction 

The generation of correlated random variables is pertinent in the stochastic (Monte Carlo) simulation of 

financial (e.g., portfolios of actions) and manufacturing (e.g., tandem queues) systems, among other 

applications. The methods commonly used to generate correlated multivariate observations rely on the 

mathematical properties of the probability density functions, implying that they are hard to generalize. 

To generate correlated multivariate observations, commercial simulation software such as Crystal Ball 

and @Risk use the Iman-Conover (IC) [2][7] method to approximate a desired correlation structure by 

inducing on a (Spearman) rank correlation. Moreover, IC method independently generates random var-

iables, instead of generating them directly from the multivariate distribution [1][8]. 

2 Problem Statement  

Consider that 𝑛 samples for 𝑘 random independent vectors 𝐱𝑗 , 𝑗 = 1, … , 𝑘, are available, which we rep-

resent using matrix  

𝐗 = [

𝑥1(1)
𝑥1(2)

⋮
𝑥1(𝑛)

𝑥2(1)
𝑥2(2)

⋮
𝑥2(𝑛)

…

𝑥𝑘(1)
𝑥𝑘(2)

⋮
𝑥𝑘(𝑛)

], 

 

(1) 

where 𝑥𝑙(𝑗) corresponds to the 𝑗-th observation of random vector 𝑙. Let �̅�𝑖𝑗 be the target correlation to 

be induced between the samples 𝐱𝑖 and 𝐱𝑗 with 𝑖 < 𝑗. Because correlations are symmetric, these target 

correlations are organized in a triangular matrix �̅� ≡ [�̅�𝑖𝑗], with 𝑖 < 𝑗. Given that each one of the 𝑛 

samples is drawn from a known (not necessarily identical) marginal distribution 𝑓𝑋𝑗
(𝑥), the problem is 

to reorder the samples for each variable so that we obtain a good approximation of the desired correlation 

structure �̅�. Note that reordering the sample 𝐱𝑗 does not affect the form of the marginal distribution of 

the variable 𝑋𝑗.  
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3 Inducing correlations with Iterated Local Search  

The method of Iman-Conover [2] induces Spearman rank correlations to define the dependencies among 

the random variables and targeting as a proxy, the (linear) Pearson correlations. However, we can di-

rectly induce directly (linear) Pearson correlations (and other correlation structures) by means of mixed-

integer programming. Existing exact methods and decomposition strategies are able to correlate multiple 

random vectors in small- to moderate-size instances (both in number of variables and samples), while 

large instances still remain a computational challenge [3][4][9]. To overcome this challenge, we propose 

an Iterative Local Search approach. 

We define the search space 𝑆 as any permutation of the components of the input vectors 𝐱𝑗. Because 

for each vector there are 𝑛! possible sample permutations, the size of the search space is (𝑛!)𝑘 . To see 

this, observe that a possible solution consists of one permutation from each vector, which leads to 𝑛! ×
𝑛! × … 𝑛! = (𝑛!)𝑘 possible solutions (this is the same as the total number of 𝑋-matrices from (1)). The 

initial solution 𝑋0 ∈ 𝑆  is a matrix with the original order obtained by generating every variable inde-

pendently (see (1)). Let 𝜌(𝑋) be the triangular matrix with the sample correlations given by solution 𝑋 ∈
𝑆. The quality of such solution is given by the absolute difference between �̅� and 𝜌(𝑋), only for entries 

(𝑖, 𝑗) such that 𝑖 < 𝑗 as the correlation is symmetric. We define the evaluation function of the local 

search, ∆(𝑋), as: 

∆(𝑋) = ∑ ∑ |𝜌(𝑋)𝑖𝑗 − �̅�𝑖𝑗|

𝑘

𝑗=𝑖+1

𝑘

𝑖=1

 

 

(2) 

A solution matrix 𝑋′ is a neighbor of matrix 𝑋 if and only if 𝑋 differs from 𝑋′ in at most two components. 

This means that the neighborhood of 𝑋, denoted by 𝑁(𝑋), is given by all possible swaps of two samples, 

which only occur within a vector (note that swaps of samples between vectors are not allowed as this 

will change the marginal distributions). Because the number of swaps within a vector is given by 
𝑛(𝑛−1)

2
, 

then neighborhood of 𝑋 contains 𝑘 (
𝑛(𝑛−1)

2
) elements. 

Our proposed ILS method improves an initial solution 𝑋0 until it obtains a near optimal solution 𝑋∗.  

At an iteration t and given a solution 𝑋𝑡, our method explores 𝑁(𝑋𝑡) aiming to improve (2) to get a new 

solution𝑋𝑡+1. If  𝑋𝑡+1 improves on the current solution (i.e., ∆(𝑋𝑡+1) < ∆(𝑋𝑡)), ILS proceeds to itera-

tion 𝑡 + 2. Otherwise, ILS rejects the solution, keeps 𝑋𝑡, and performs a perturbation operation. The 

process is repeated until the algorithm explores a given number of solutions 𝑇𝑚𝑎𝑥. 

4 Preliminary Results 

We conducted two sets of preliminary experiments. The first experiment, starts from an independently 

generated solution and tries to find a solution close to the one obtained by the method of Iman-Conover 

[2]. The second experiment starts from the output of Iman-Conover [2] and tries to improve the induced 

correlations. Our preliminary results show that our method is able to achieve solutions with comparable 

quality to that of Iman-Conover; and then it improves the solution by at least 42% with a low computa-

tional burden.  

Figure 1 shows the performance of our ILS in an instance with 5 variables and 500 samples, when 

the initial solution is a set of randomly generated vectors with no correlation induced. In 1257 iterations 

(5.2 seconds) the ILS achieves a solution as good as Iman-Conover. Moreover, in 3000 iterations (74.2 

seconds), we obtain a value of Δ(𝑋) =  0.062, which reflects an improvement of 88% compared with 

the Iman-Conover solution. 
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Figure 1: Gap of the algorithms 

 

Figure 2 shows the performance of our ILS method when the result of the Iman-Conover is used as an 

initial solution. After 2000 iterations (231.3 seconds) we achieve a value of Δ(𝑋) =  0.030, which is an 

improvement of 93% compared with the original result of Iman-Conover. 

 

 
Figure 2: Convergence of ILS starting at Iman-Conover instance 
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Abstract
Team’s selection is an important task in human resources management in which the purpose is

to carry out a process of personnel selection to form teams. This process is usually carried out from
the ranking of candidates who express the preferences of decision-makers. This paper extends the
problem of team selection problem in the competitive environment. The extensions include consider-
ations in the team selection process where it is necessary to share candidates and establish selection
priorities among decision-makers. Both extensions are problems in the conformation of software
teams. To provide a solution to this problem we use Ant Colony Optimization.

1 Introduction

Personnel selection is the process of selecting the most prepared and qualified people to do a job [4].
This problem can also be seen as the problem of forming a team. In this case, the problem is not to select
the most suitable employee for a job, but to select a group of people who should work as a team [1].

Most of the research and publications that deal with forming team, analyze the factors to be taken
into account for the selection of its members, and how to use decision-making methods to shape them
taking into account these factors, so that teamwork is achieved. In many cases the result is to generate a
ranking of candidates that is used as a base for selection [2].

This problem becomes more complex when more than two decision-makers carry out the selection
process in a competitive environment, i.e. when they must form their teams by selecting personnel
from the same set of candidates. In this framework, a conflict of interest arises that affects the resulting
selection [1, 5].

The research presented in [1] propose a method to form teams in a competitive environment based
on Ant Colony Optimization (ACO) metaheuristics [3], and in [5] we propose an extension for when
there are several decision-makers involved in the selection process. Although the results obtained in
these proposals have been satisfactory, the solutions obtained still have some limitations that hinder their
application in specific problems, such as the forming of software teams.

In this paper proposes two extensions to the contribution presented in [5] to form teams in a compet-
itive environment. These extensions include the possibility for decision-makers to share candidates and
establish selection priorities among decision-makers.

2 Extensions to the Method for the Team Selection in a Competitive En-
vironment Using ACO

This research is based on the ASMMTS algorithm proposed in [5] which uses ACO metaheuristics.
Several models of the ACO metaheuristic have been proposed in the literature. In the context of this
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work, a hybrid between the Max-Min Ants System (MMAS) [7] and the Multi-type Ants [6, 8] is used.
In the ASMMTS algorithm the selection made by the decision-makers is made randomly. This

causes ants to select candidates at random, without allowing an order of priority to be established in
the decision-makers at the time of selection. In the process of formation of teams it is common that it
is necessary to establish a certain priority for some decision-makers, either for very particular reasons
or because there are decision-makers with a higher degree of importance. In order to adapt this new
restriction to the ASMMTS algorithm, point 7.1 is added,

7.1 The order of priority is established from the selection of each ant in the set Vipk, this set consists
of all the nodes that have not been selected yet by the ant k in the iteration i or by some of the ants of its
group according to its type p. If no specific order is established, priority is given at random.

Example 1. For 5 decision-makers, the following priority can be set {D2, D4, D5, D3, D1}. In this
way the order in which the decision-makers are selected is established where D2 has a higher priority
than D4, D5, D3 and D1.

In the ASMMTS algorithm when a candidate is selected by a decision-maker, it can not be used
by any other decision-maker. In this way, the algorithm restricts the possibility that a candidate can be
selected by two decision-makers at the same time. It happens that, sometimes, when making a selection
of teams, it is necessary to be able to share human resources, due to the fact that the skills that a candidate
possesses are not possessed by the other candidates that were present in the selection. Specifically in
the formation of software development teams is common that people such as designers or specialists
in a certain field are shared by more than one team. To adapt this new restriction to the ASMMTS
algorithm, point 12.1 is added,

12.1 After having obtained R∗, where R∗ is the set of all the solutions found by each type of ant or
decision-maker, the candidates to be shared by the decision-makers are assigned taking into account the
initial set of R of all preferences on the set of candidates for each decision-maker.

Example 2. For 10 candidates and 5 decision-makers, the candidate C6 will be shared by decision-
makersD1 andD2, and candidateC5 will be shared by decision-makersD2 andD3, the algorithm would
receive this information: {C6, D1, D2, C5, D2, D3}.

3 Experimental Study

The aim of this experimental study is to verify the efficacy of the ASMMTS algorithm after the two
new extensions (i.e., ASMMTSvE algorithm). This problem has not been approached by any other
research, so there is no precedent to establish a comparison with the method we are extending, so our
experimentation is based on comparing the results obtained with the extended method and the strategy
following the strictly order of the rankings of preference of each decision-maker.

A simulation of the team formation process was carried out similar to the one carried out in [? ].
Tables 1 and 2 show the values of the heuristic evaluation function after executing the algorithm with
the new modifications. The first column in Table 1 shows the priority of selection of decision-makers,
while Table 2 shows the candidates that can be shared by more than one decision-maker. The second
column shows the values of the heuristic evaluation function strictly following the order established in
the rankings. The third column shows the values of the heuristic evaluation function after applying the
ASMMTSvE algorithm.

Priority of Selection Order in the Rankings ASMMTSvE
{D1, D5, D3, D2, D4} Eval(R*,R)=26.8 Eval(R*,R)=7.0
{D4, D2, D1, D3, D5} Eval(R*,R)=20.4 Eval(R*,R)=6.2
{D1, D5, D3, D4, D2} Eval(R*,R)=24.0 Eval(R*,R)=5.4

Table 1: Results of the experimentation establishing an order of priority in the selection.
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Shared Candidates Order in the Rankings ASMMTSvE
{C3, D1, D2} Eval(R*,R)=15.6 Eval(R*,R)=7.8
{C0, D3, D5;C4, D1, D2} Eval(R*,R)=13.6 Eval(R*,R)=8.0
{C2, D1, D3;C1, D4, D5, D2} Eval(R*,R)=31.2 Eval(R*,R)=12.6

Table 2: Results of experimentation with shared candidates.

The experimental results show that the ASMMTSvE algorithm has a similar performance to the
ASMMTS algorithm proposed in [5]. The heuristic value obtained is lower than heuristic value ob-
tained strictly following the order established in the rankings. In other words, the modifications made do
not affect the satisfactory results obtained with the original algorithm.

4 Conclusions

The ASMMTS algorithm is extended to allow it to be more applicable to problems of team forming in
a competitive environment.

The two new adaptations make it possible to establish selection priorities among decision-makers
and to have shared candidates.

From the experimental study, it can be concluded that extensions of the ASMMTS algorithm do
not affect its effectiveness.
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Abstract 

We introduce the Sustainable Store Selection and Vehicle Routing Problem (S3-VRP), in which 

a user specifies a set of products to be purchased, and needs to decide in which store to buy each 

product, aiming to minimize economic, social, and environmental costs. We provide two solution 

strategies for the S3-VRP: a network flows based exact approach, and a metaheuristic approach based 

on the implementation of a GRASP and a Genetic Algorithm. We test our strategies with instances 

in Bogotá (Colombia) and deliver a prototype of an interactive user application. The obtained solu-

tions are satisfactory at the prototype level but further specialization is required to achieve a product 

that satisfies real-time needs. 

1 Introduction 

Citizens in large urban centers routinely face a tradeoff when purchasing goods, namely: whether to 

pursue the cheapest prices or the most efficient tour. Although savings in purchases are desirable, choos-

ing the cheapest store for each product may be sub-optimal, as longer trips imply more fuel consumption 

(along with its costs and associated carbon emissions), as well as more time spent in traffic, which takes 

a toll on work, leisure, and personal activities. 

We introduce the Sustainable Store Selection and Vehicle Routing Problem (S3-VRP), in which a 

user specifies a set of products to be purchased, and needs to decide in which store to buy each product 

in order to satisfy an objective that balances the direct cost of purchases and the costs associated to 

visiting the stores where the desired prices are available. The purpose of the S3-VRP is to obtain a sus-

tainable purchase plan, in the sense that it must incorporate economic, social, and environmental aspects. 

The economic dimension considers the minimization of the cost of purchases and fuel consumed in the 

tour. The social dimension pursues the minimization of the time spent by users in traffic, which repre-

sents a loss for the individual user and for the city (as it implies adding to a city’s congestion). Finally, 

the environmental dimension accounts for the carbon emissions associated to the route. 

The solution for the S3-VRP is not trivial, as any purchase choice leads to a different set of visited 

stores, for which a TSP must be solved to determine costs associated to the route, which in turn may 

discourage a solution previously deemed as attractive in terms of purchase cost. We address the S3-VRP 

through two solution strategies: a network flows approach (Section 2), and a metaheuristic approach 

involving a GRASP and a Genetic Algorithm (Section 3). We contrast the pros and cons of the proposed 

approaches and introduce a prototype user application (Section 3). 

2 Network flows approach 

We propose two strategies inspired by network flows models. First, we construct a network that exhaust-

ively covers the permutations of store sequences and purchase choices, and solve a minimum-cost flow 

problem on such network, guaranteeing that all products are purchased. This strategy is evidently not 

competitive in terms of memory or computation time, but provides an exact global optimum that serves 

as a benchmark for other strategies, such as the metaheuristic approach presented in Section 3. Second, 

we introduce a twofold network, in which a set of variables determine the route to adopt, while a second 

set of variables (on the same network) determine the flow of products. This strategy solves the problem 

to optimality at a relatively competitive computation time (at least at the prototype level). 
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2.1 Exhaustive network 

The exhaustive network consists of: (i) a source node and a sink node with unit supply and demand, 

respectively; and (ii) a set of transshipment nodes with as many layers as products must be purchased, 

accounting for possible permutations of stores that may be visited when purchasing products. For illus-

tration, consider the following situation: one intermediate node represents “buying product A at store X, 

coming from store Y”, and is connected to an intermediate node at the next layer which represents “buy-

ing product B at store Z, coming from store X”. The arc connecting these nodes includes the cost of 

buying product B and the cost of traveling from store X to store Z; hence, arcs that connect nodes rep-

resenting purchases at the same store only include the purchase cost, as no traveling is needed. The 

problem is solved as a shortest-path problem with a side constraint enforcing that each product is pur-

chased exactly once. Because all permutations are considered, this network can be prohibitively large 

for realistic instances, but it is useful as a benchmark for middle sized problems. 

2.2 Twofold network 

The twofold network consists of: (i) a unique source node with a supply equal to the number of products 

to purchase; (ii) a sink node for each product (with a unit demand), which receives arcs coming from all 

stores (the cost of “buying a product at a store” depends on the arc that delivers the demanded unit); 

and (iii) a set of transshipment nodes with as many layers as products must be purchased (the costs of 

visiting different stores depend on the flows on arcs between layers). The “twofold” characteristic is 

derived from the use of two sets of variables: (i) variables that determine the tour of visited stores; (ii) 

variables that determine the purchases of products. The problem is solved as a minimum cost flow prob-

lem with balance constraints for each set of variables and a side constraint specifying that products can 

be only purchased at “visited stores”. In spite of being exact, this approach is competitive at the proto-

type level, arguably due to the almost pure network structure of the problem. Promising results were 

obtained using Gurobi’s solver, but these were not achieved when switching to open source solvers. 

3 Metaheuristic model 

The purpose of this research is to produce a prototype user application to assist urban consum-

ers. Therefore, we need an approach that, unlike exact methods, does not rely on the power of 

commercial solvers and can provide reasonable computation times for a nearly real-time appli-

cation. We propose a straightforward metaheuristic approach to solve the 𝑆3-VRP, which uses 

a GRASP to initialize a population and a Genetic Algorithm to improve the solutions. 

3.1 GRASP 

The GRASP algorithm was used to create the initial population for the Genetic algorithm. The iterations 

of the algorithm are the creation of a new individual for the initial population. Each one is divided in 

two parts: construction and local search. The construction part consists of assigning the stores and the 

products to the individual. This phase begins with a list of candidates 𝐸, which are random stores and 

the products to be purchased. From each candidate, a restricted candidate list is constructed and one of 

these is randomly selected. At the end of this phase, the selected candidate has the best fitness. Then, 

the local search will find the best tour for the individual. The local search consists in making swap 

movements of the tour of all the candidate stores. Then, if the fitness of the individual has been im-

proved, another swap takes place until the fitness of the individual does not improve any more. The 

algorithm stops when it has created the 𝑛 individuals desired in the initial population. 

3.2 Genetic Algorithm 

With the initial population, the genetic algorithm uses crossover, mutation, elitism, and tournament se-

lection to evolve the individuals. In each iteration, the best individuals are selected based on their fitness. 

Then, the crossovers that will take place are defined with 𝑘-tournament selection. Individuals will mu-

tate with a rate 𝜆. In crossovers, a random vector is created, which will define the chromosomes that the 

offspring will take from each parent. On the other hand, mutations only affect one chromosome of an 

individual if a generated random number is less than the mutation rate. Finally, the elitism strategy se-

lects the 𝑚 individuals that will survive in the next generation, and a new population is obtained via 
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crossovers and mutation. The algorithm stops when the best individual is repeated significantly in the 

generations. 

4 Conclusions 

We introduce the Sustainable Store Selection and Vehicle Routing Problem to assist urban consumers in 

balancing potential savings in purchases and the indirect costs of reaching the stores that offer attractive 

prices. We propose variations of network flows problems that provide bounds based on exact solutions 

of the proposed problem. Then, we develop a pilot metaheuristic approach that combines a GRASP and 

a Genetic Algorithm. For small and medium instances, the solutions obtained with the proposed me-

taheuristic achieve optimality but do not significantly improve the computational times of the exact 

approaches. Several analyses were done for determining the parameters of the GRASP and the Genetic 

algorithm: the size of the initial population, the rate of mutation, and the number of individuals selected 

by elitism. However, our implementation seems to have significant room for improvement: our model 

is coded in Python, whereas a C implementation can be much more competitive; the encoding of our 

individuals can be more compact and take advantage of more efficient data structures. The choice of 

Python was motivated by the need to develop a user application (using Dash), but a hybrid Python/C 

approach seems convenient for future work. The computational times depended on the number of stores 

and products. 
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1 Introduction

The problems of vehicle routing (VRP), usually have been studied with a single objective function, which
is defined by the distances associated with the routing of vehicles, the problem is to design a set of routes
to meet the demands of the customers at minimum cost. However, in real life, it is necessary to take into
account other objective functions, such as social functions, which take into account equity considerations
such as drivers’ workload balance. This has allowed a growth in both the formulation of multi-objective
models and in the exact and approximate solution techniques [9].

The CVRP consists in the distribution of goods from a deposit to a set of clients. Each of the clients
needs a certain amount of goods, for this, we have a fleet of vehicles and a set of routes associated with
a single vehicle must be designed in such a way that the demand of each of the customers is met taking
into account the following operational restrictions: i) Do not exceed the capacity of the vehicle, ii) in
each proposed solution a customer must be served by a single vehicle, iii) each of the vehicles in the fleet
starts at the depot, delivers the respective demands and returns to the depot [3].

In particular, in this paper, the bi-objective Capacitated Vehicle Routing Problem (bi-objective CVRP)
is addressed taking into account economic and social objectives. The economic objective is to minimize
the cost associated with the CVRP route design, the social objective is to balance the workload of each
of the drivers [9]. The formulation of the social objective must satisfy several restrictions established
by union contracts and company regulations (for example, work periods during the day, number and du-
ration of breaks during service, maximum duration of driving periods, extra hours) [3], in addition, the
allocation must be equitable among the drivers so it must take into account factors such as traffic condi-
tions and the number of customers assigned to each vehicle [5]. Furthermore, in some cases depending
on the characteristics of goods and services, the concept of equity is essential [14].

For the study of pareto fronts obtained using the proposed bi-objective model, different metrics will
be used that determine both the quality of the solutions and the validation of the metaheuristic.

2 Solution Method

2.1 Exact Method

To solve the bi-objective CVRP it is proposed initially to implement an exact method, which will serve
as a reference to carry out a comparison with those obtained using the metaheuristic.

To solve the problem in an exact way, a mixed integer linear model (MILP) was defined in which the
economic objective function consists of minimizing the costs associated with the design of the routes. For
its part to define the social objective function, we took into account what was defined in [7] where 7 objec-
tive functions related to the route balance were studied, finding that the most used are max−min (also

Cartagena, July 28-31, 2019177



id–2 MIC 2019

called range), which minimizes the difference between the maximum and minimum length of routes;
min max which minimizes the maximum length path; and var that minimizes the variance of the lengths
of the routes. In a recent study [9] analyzed the objective functions MAD (Mean Absolute Deviation),
defined as the average absolute difference between the length of each route and the average of the route
lengths; and the Gini coefficient is one of the most commonly used measures for inequality studies.
Finally, in [2] the quadratic objective function var was used, showing satisfactory results with a high
computational cost.

To solve the bi-objective CVRP in a exact way, we used the traditional cost function and the linear
objective function min max, which seeks to minimize the maximum path length of the solution as shown
in (1).

minimize(F1, F2) (1)

where

F1 =
∑

i,j∈V
cijxij (2)

F2 = max
i∈Ω
{Ωi} (3)

cij and xij correspond to the cost and existence of the arc between the nodes i and j. Ωi corresponds
to the length of the i route.

In the optimization process, the decomposition concept will be used, whose objective is the gen-
eration of the pareto front. Decomposition is a widely used strategy in multi-objective optimization
problems [18] which consists of dividing the multi-objective problem into N scalar optimization sub-
problems.

This method transforms multiple objectives into an aggregated objective function by multiplying
each objective function by a weighting factor and summing up all weighted objective functions. Besides,
to find a well-distributed Pareto front, for example, in [13] the weighted Tchebycheff aggregation method
is used. In this paper the weighted Tchebycheff method is used too and vectors λ are generated equally
spaced using the method implemented in [10]. According to [8] this formulation provides a necessary
condition for Pareto optimality.

The formulation that includes the weighted Tchebycheff aggregation is shown in 4:

minimize Ψ (4)

subject to:

Ψ ≥ λi(Fi − Zi) ∀1 ≤ i ≤ m (5)

The parameters λi > 0 are the weights (
∑
i=1

λi = 1); Zi is the utopia point defined as Zi =

minx∈X Fi(x)− δi for 1 ≤ i ≤ m (δi > 0)
To determine Zi, the vectors λ1 = [1, 0] and λ2 = [0, 1] are generated and the equation (5) is

modified by Ψ ≥ λiFi ∀1 ≤ i ≤ m with which problem in (4) is solved, obtaining the minimum
values of each objective function.

2.2 Approximated Method

On the other hand, to solve the problem in an approximate way, we propose a novel method based on
metaheuristic Iterated Local Search (ILS) and again the concept of decomposition (ILS-D) to generate
the front. In this paper, an adaptation of the ILS-RVND technique shown in [15] is made, which consists
in that from an initial solution a local search is performed to improve the solution, from this a perturba-
tion mechanism is applied to obtain a new solution. This process is performed in a certain number of
iterations. The local search is based on the construction of neighborhoods whose solutions are accepted
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according to a criterion. This method has shown to be efficient in this type of problems [16]. Decom-
position is used as in the previous case, each subproblem corresponds to the initial solution used in the
ILS-RVND.

The N subproblems are optimized using the MOEA/D framework as shown in [18]. In addition, 2
modifications to the previous framework were taken into account to increase its efficiency: i) MOEA/D-
GR (Global Replacement) is used to make a more adequate update in the neighboring subproblems
(B(i)). In this scheme, we first find a more appropriate neighborhood to be replaced by the candidate
solution xi. The details are shown in [17]. ii) MOEA/D-GRA (Generalized Resource Allocation) is
used to dedicate more resources to the subproblems that are more likely to improve. In each iteration
computational resources are assigned to some subproblems according to the vector PoI. Specifically, the
resource allocation strategy Online is used to define a utility function based on the relative improvement
in the last ∆T iterations. The details are shown in [19].

The details of the proposed ILS/D are shown in Algorithm 1.

1: N Initial Solutions xi
2: gi ← 0, ui ← 0, pi ← 0.5 ∀ i = 1, 2, ..., N
3: iter ← 1
4: while iter ≤ maxIter do
5: for i = 1, 2, ..., N do
6: if rand() ≤ pi then
7: x′i ← ILS(xi, λi, zi)
8: update zi
9: Find subproblem of x′i MOEA/D-GR

10: update B(j)
11: end if
12: end for
13: updating ui and pi MOEA/D-GRA
14: iter ← iter + 1
15: end while

Algorithm 1: ILS/D Algorithm

Lines (1-3) of the algorithm 1 show the initialization of the algorithm highlighting the initial value
of the probability vector pi ← 0.5. In lines (6-11), the algorithm ILS is executed for each subproblem
i, in line (8) the reference point zi is updated for the current subproblem, in lines (9-10), find the most
appropriate neighborhood to make the replacement of x′i. Finally on line (13) the probability vector pi is
updated taking into account the performance of the subproblem i in the last ∆T iterations.

The list of neighborhoods used by the algorithm ILS, are classified in inter-route (table 1) and
intra-route (table 2).

i Ni

1 swap(1, 1)
2 swap(2, 1)
3 swap(2, 2)
4 insertion()
5 shift(2, 0)
6 shift(3, 0)
7 2 opt parallel()
8 2 opt crossed()

Table 1: List of neighborhoods Inter Route.
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i Ni

1 swap(1, 1)
2 insertion()
3 shift(2, 0)
4 shift(3, 0)
5 2 opt()

Table 2: List of neighborhoods Intra Route.

3 Results

The instances used in this work correspond to those proposed in [1].
Initially, the instance A-n37-k5 was run by the exact method using the solver CPLEX, the script

was implemented using AMPL. Due to the high computational effort in larger instances, the results
obtained in this instance were used to be compared with those obtained with the approximate method.
This instance is also analyzed in [11] where they solve the bi-objective CVRP problem using a hybrid
technique based on the ε-constraint method and the Multi-objective NSGA-II algorithm. The obtained
optimal front is shown in the figure 3 marked with red color.

The proposed algorithm ILS/D was coded in C++ and instances of low, medium and high mathemat-
ical complexity were run in the range of 37-79 clients, taken from the benchmark presented by [1].

To validate the proposed algorithm, we obtained 20 fronts in independent runs for the instance A-
n37-k5. In order to measure the quality of the front, we used the most common metrics in multi-objective
optimization that address the indicators of both convergence and diversity [6], [12]:

1. Inverted Generational Distance (IGD) shows the deviation of the smallest distances between the
points of the optimal front with respect to the approximate front [4], defined as shown in 6

IGD(P, S) =

(∑|P |
i=1 d

q
i

)1/q

|P | (6)

where P is the approximate front and S is the optimal front, di is the minimum distance between
each point of the optimal front with each point of the approximate front and q = 2.

2. Hyper Volume Indicator (HV) classified in [4] as a metric that measures convergence and diver-
sity simultaneously, was proposed by [20]. In particular, the closer the solutions of S are to the
true PFs, the larger is the value of HV. At the same time, a higher HV could also indicate solutions
of S are scattered more evenly in the objective space. However, The downside of HV lies in the
high computational complexity.

HV (S) = volume




|S|⋃

i=1

vi


 (7)

where vi is the volume of the hyper-cube formed by the point i of the front S and a reference point
(nadir point).

The statistical information of the fronts obtained for the instance A − n37 − k5 are shown in the
figures 1 and 2.

As shown in figure 1, the obtained IGD values show little variation, without presence of outliers.
In figure 2 greater variation is observed, although without the presence of outliers. When comparing
the variation coefficients as shown in the table 3 for both samples, it can be affirmed that both are
homogeneous and representative.

Additionally, the fronts with the best indicators of IGD and HV were compared with the front
obtained with the exact method. The fronts are shown in the figure 3. The front presented in the figure 3
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Figure 1: IGD obtained from A-n37-k5 instance [1]
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Figure 2: HV obtained from A-n37-k5 instance [1]

Descriptive IGD HV
Mean 0.05 9.88

Standard Deviation 0.01 2.29
Var Coeff 0.18 0.23

Table 3: Description of the data obtained for IGD and HV metrics.

marked with green corresponds to the front with the best value (0.0304) for the metric IGD. On the other
hand, the front in the figure 3 marked with blue corresponds to the front with the best value (12.9694)
for the metric HV .

Finally, different fronts obtained for some instances of the group presented in [1] are shown. For
each instance 20 independent runs were made, the front with the highest value for HV is highlighted
with red color. The fronts obtained are shown in the figures 4, 5, 6 and 7.
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Figure 3: Obtained fronts from A-n37-k5 instance [1]
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Figure 4: Obtained fronts from A-n80-k10 instance [1]

4 Conclusions and Future Work

A Multi-objective algorithm was implemented that resolves the bi-CVRP taking into account the cost
of the routes and their balance. In this algorithm the decomposition concept was used, for the solution
of the subproblems the ILS was used. The results are initially confronted using an exact method, with
instances of low mathematical complexity. Finally, the algorithm is validated with instances of medium
and high mathematical complexity.

An exact model was proposed to solve the bi-CVRP problem that seeks to optimize, in addition
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Figure 5: Obtained fronts from A-n69-k9 instance [1]
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Figure 6: Obtained fronts from A-n60-k9 instance [1]

to the economic costs, the workload of the drivers through the balancing of the length of the routes.
The exact model is used to validate the proposed methodology, using for this purpose instances of low
mathematical complexity.

An algorithm based on decomposition taken from MOEA/D and ILS was implemented, the first
one decomposes the Multi-objective problem intoN Mono-objective subproblems and the second solves
each one of these subproblems. The algorithm implemented showed great efficiency in generating fronts,
whose fundamental characteristics are diversity between solutions and convergence.

When analyzing the results using the IGD and HV metrics, an adequate distribution and convergence
of the fronts is observed, with which an adequate behavior of the proposed algorithm in the solution of
this problem is verified.

Since the problem is decomposed into N independent subproblems, it is possible to apply parallel
processing, in such circumstances N threads are generated that are processed simultaneously.

It is proposed to carry out a comparison between the MOEA/D, traditionally used in the solution of
this type of problems and the decomposition algorithm proposed in this work.
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Figure 7: Obtained fronts from A-n55-k9 instance [1]
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Abstract

The main goal of our work is to quickly find a high-quality approximation for a Traveling Sales-
man Problem (TSP) solution. In our approach we used the logic of the Iterated Local Search (ILS)
with adequate initialization methods and efficient implementation techniques, which contribute to the
faster convergence towards the optimal solution. An independent assessment and comparison with
other implementation methods was carried out on the optil.io platform [6], where we currently hold
the top 2 positions.

1 Introduction

In our work, we deal with the classical symmetric traveling salesman problem for finding a Hamiltonian
cycle in a graph. The resulting cyce has the minimum cost and therefore it is the optimal tour for the
traveling salesman. Under the assumption that graph has n nodes, a tour t = (x1, x2, . . . , xn) is a per-
mutation of the vector (1, 2, . . . , n) with the corresponding cost C(t) =

∑n−1
i=1 d(xi, xi+1) + d(xn, x1)

where dxi,xj represents the Euclidean distance between two nodes in the tour. Over the years, there have
been many attempts with several high-quality implementations, including the one of today’s most precise
TSP solver: Concorde [1]. However, Concorde focuses on exact solving large datasets, rather than pro-
ducing fast solutions for small examples. Motivated by finding the best possible solution in a very short
time period, we focus our analysis on the local search heuristic method and present some implementation
techniques for gaining the time advantage.
Among other numerous application in which the speed of the solving a TSP plays a crucial role, we
underline the Vehicle Routing Problem (VRP), where a need for a high-quality TSP solution arises for
each vehicle individually, numerous times. Whereas the most of the VRPs pose their restrictions to the
vehicle’s capacity, there are also some problems where the length of a single route is restricted to the
maximum length. However, the check if the length of the newly created route exceeds the a priori given
limit is again a TSP for itself because the length of a route naturally depends on the order in which the
customers are visited. Therefore, a fast and efficient method is needed.

2 Solution approach

When solving TSPs with the speed of finding a solution as the most important criterion, exact algorithms
are often infeasible. Consequently, different heuristics are used for approximating the solution. Our so-
lution method applies the Iterated Local Search (ILS) [5], a high-quality and relatively easy to implement
local search heuristic, that solves the problem of getting stuck in the local minimum in a considerably
efficient fashion. This escape is achieved with perturbation operator that explores the neighboring so-
lutions as a starting solutions for the repeated local search. The size of the neighborhood is growing
proportionally with the number of iterations that did not find any better solution. Local search that we
iterated in our experiments is a well-known 2-opt local search method.
Another factor that plays a crucial role by evaluating the efficiency and the speed of a solution approach
is the implementation itself. In that spirit, we reveal some of the techniques that allowed us to reach the
top of the optil.io ranking in the ongoing TSP challenge. Those implementation techniques consist of
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simple checks that by omiting some unnecessary computations accelerate the local search towards the
local optimum.
An initial start advantage for our ILS is obtained by initialization method, whose type depends on the
data distribution itself. Three different initialization types are implemented; nearest neighborhood, ran-
dom, and the grid like construction method [4]. However, we gain the most time by applying simple
checks that we embedded into our 2-opt local search. Here we suggest the following checks in order to
save the computing time.

1. (Check 1) The first check is to compare the lower bound (the sum of the new edge and the minimum
edge in the current tour) and the upper bound (the sum of the old edge and the maximum edge in
the current tour).

dxi,xj + dmin > dxj ,xj+1 + dmax

dxi+1,xj+1 + dmin > dxi,xi+1 + dmax

In those cases in which the lower bound exceeds the upper bound, the iteration immediately pro-
ceeds to the next node in the permutation.

2. (Check 2) An additional check that significantly accelerated finding a high-quality solution is
inspired by [3]. If the length of one of the new edge exceeds the sum of the two old edges,
we again proceed to the next node in the permutation.

dxi,xj > dxi,xi+1 + dxj ,xj+1

dxi+1,xj+1 > dxi,xi+1 + dxj ,xj+1

In addition to the aforementioned checks, a significant speed contribution is gained by only summing up
the two new edges dxi,xj + dxi+1,xj+1 and comparing the length with the sum of the length of the two
old edges dxi,xi+1 + dxj ,xj+1 , instead of calculating the entire tour length in each iteration of our local
search. In the literature, this is known as a delta evaluation [2]. Finally, the node xi will be connected
with xj only when the first sum is actually smaller.

3 Results and discussion

The performance of the previously defined checks was measured by saving coefficient 1 (SC1) and sav-
ing coefficient 2 (SC2) which are defined as a percentage of iterations where the calculation of delta
evaluation was avoided due to the positive response of the Check 1 or Check 2. The total number of
distinct edges to be compared in a tour with n nodes can be calculated using the formula (n−1)∗(n−2)

2 .
Naturally, to find the solution closest to the optimum, the main goal of the 2-opt iterations is to choose
those two edges that result with the highest delta evaluation (the sum of the two new edges is substracted
from the sum of the two old edges). Our implementation uses the best improvement technique, where
the search method stops only if all of the possible new edges for the current node are checked (n − 2
of them). Only then is the current tour modified by adding the two new edges and removing two old
edges. In our experiments we used mid-sized datasets (1000 < n < 2500) from the TSLIB library and
each experiment was granted only one CPU second. For each dataset, a total number of distinct edges
in a tour, saving coefficient 1 and 2 and the corresponding gap, are calculated and reported in Table 1.
The gap represents the difference between our solution and the known optimum (in percentage). Since
the two saving coefficients are proportional to the number of skipped delta evaluations, they represent a
suitable measure for the amount of time that is saved.
Our checks are complementary, meaning that the increase of the SC1 will have a decreasing effect on
the SC2. This was tested by carrying out multiple experiments on the same datasets but different starting
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Dataset Total number of checks SC1 SC2 Gap with checks Gap without checks
pr1002 500500 0.133 99.40 9.09 9.56
u1060 560211 81.57 18.02 8.14 8.22

vm1084 585903 0.04 99.59 10.01 11.08
rl1304 848253 0.08 99.69 12.98 13.95
rl1323 873181 0.01 99.72 12.22 12.64
d1219 831405 0.01 99.34 13.67 14.53
d1655 1367031 0.05 99.66 12.16 12.51

nrw1379 948753 0.23 96.42 8.94 9.24
vm1748 1525131 0.07 95.71 12.04 12.66
u1432 1023165 97.43 3.56 13.42 14.16
u1817 1648020 95.32 4.30 13.80 13.93
rl1889 1781328 0.04 94.47 15.21 15.88
u2152 2312325 95.89 3.88 13.55 14.35
u2319 2685403 91.52 7.85 11.94 12.23

Table 1: The effect of savings coefficients to the final solution after exactly one CPU second.

solutions. With a better approximation of the start solution, the number of times when the Check 1 has
a positive response is decreased and consequently the SC1 value. This decrease is a consequence of
the shorter distances between nodes, therefore the minimum (maximum) edge needed for calculating the
lower (upper) bound in the Check 1 are also itself. smaller.
Implementing the two previously defined checks creates a time saving effect for every tested dataset. In
consequence, this time advantage allows us to reduce the gap to the optimum, as can be seen by compar-
ison of the two last columns in Table 1.
Our experiments demonstrate that cleverly pruning the iterations of the local search can lead to better
results within a short period of time. We are convinced that further experiments and additional checks
have the potential to further improve the known local search methods.
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Abstract

In this work we focus on the problem of truck fleet management of the company GESUGA. This
company is responsible of the collection and proper treatment of animals not intended for human
consumption in Galicia (Spain). On a daily basis, the company must design routes for the following
day with the uncollected orders until that moment. However, these routes may be replanned during
their execution as new orders appear from customers and the company is interested in collecting it.
Thus, the aim of this work is to provide a tool that computes good quality solutions in short time. The
problem treated belongs to the family MDCVRPTW with the particularity of the route redesign. For
its resolution we have adapted linear programming models, simulation techniques and metaheuristic
algorithms.

1 Introduction

After the spread of Bovine Spongiform Encephalopathy, typically known as mad cow disease, the Eu-
ropean Union took a number of measures (e.g. Regulation (EC) No 999/2001) to prevent its spread
and transmission. This regulation forbids the burial of carcasses of dead animals at livestock farms. In
Galicia, one of the main companies responsible for this task is GESUGA. This company focuses its busi-
ness area on the integrated management of meat by-products not intended for human consumption. Its
main activity consists of the collection and transport of the different meat by-products, generally animal
carcasses, from livestock farms to treatment plants, for proper processing.

To serve customers, the company has 32 trucks distributed in its three plants (12 in the main plant,
10 in the remaining plants). From Monday to Friday, customers are served and products are transported
to the different plants. Taking into account the characteristics of this problem, it could be classified as a
Multi Depot Capacitated Vehicle Routing Problem with Time Windows (MDCVRPTW).

2 Description of the problem

As mentioned in the introduction, the company has to visit its customers all over Galicia on a daily basis.
However, the company must take into account the following restrictions:

• Trucks leave and return from the plant to which they are assigned only once a day.

• Drivers have a maximum 8 hours working day which includes a rest and disinfection of the vehicle
at the end of the day.

• Trucks have a maximum loading capacity.

• Orders must be picked up within 48 hours from receipt.

Currently, route planning is manually made by the logistics department and it is organized in two
phases:

• Offline Phase: It is made the day before according to the following steps:

– At 19:00 there are some pre-routes with the uncollected orders until that moment.
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– At 20:00 these pre-routes are reviewed with the logistics manager adding new orders and
making the necessary changes.

– At 21:00 drivers receive the set of places that they must visit, but they are free to organize it.

• Online Phase: It is manually made during the collection of the orders planned in the offline phase
considering the incoming orders.

Note that the route design is manually made by the logistics department and drivers are free to orga-
nize their routes. Hence, the efficiency of the company depends deeply on human knowledge. Therefore,
the company is interested in a tool to calculate routes automatically, satisfy the needs of customers and
achieve the following objectives:

• Minimize the ratio between the distance travelled and orders collected.

• Minimize the ratio between trucks used and orders collected.

3 Implementation of the algorithm

The implementation of the algorithm was made in JAVA language using open source libraries. For each
of the phases mentioned the algorithm works as follows:

• Offline Phase:

– All the uncollected orders1 are assigned to its nearest plant by solving the generalized allo-
cation problem (GAP).

• Online Phase:

– Routes of each plant are computed according to the Ruin and Recreate principle described
in [2] combined with the strategies proposed in [1]. In case of considering simulated or-
ders, they are eliminated after computing each route and they are reorganized by solving the
travelling salesman problem (TSP).

– The incoming orders are assigned to a plant by solving the GAP and are assigned to one
of the existing routes considering the position of trucks. Note that for this step, there is a
replanning of the routes and the user must decide the frequency of the replanning.

Currently, the following strategies are being considered:

• Lazy: No orders are collected during the online phase, i.e., the routes computed in an offline phase
are not modified during its execution.

• Minimum−k: A truck leaves the plant when, at least, k orders are assigned to it. Thus, it could
happen that a truck leaves the plant during the offline phase or the online phase in a replanning.

Many implementations have been considered for the two strategies varying some parameters: min-
imum number of orders needed to take out a truck, time at which the replanning in the online phase
is performed, hours delaying the departure of trucks or number of simulated orders. Table 1 details
the 6 implementations.
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Name Description
Lazy Lazy strategy is used everyday.
Lazy & Delay Lazy strategy is used everyday and a delay is applied on Fridays.
Lazy & Minimum−k Lazy strategy is used everyday but the Minimum−k strategy is used on Fridays.
Minimum−k Minimum−k strategy is used everyday.
Minimum−k & Lazy Minimum−k strategy is used but the Lazy strategy is used on Fridays.
Minimum−k & Delay Minimum−k strategy is used and a delay is applied on Fridays.

Table 1: Description of the different strategies implemented.

Strategy Orders collected Distance Ratio Distance/Orders
Lazy 5872 60362.3 10.279
Lazy & Delay 5872 61807.89 10.526
Lazy & Minimum−k 5872 62561.71 10.654
Minimum−k 6104 71457.68 11.707
Minimum−k & Lazy 6098 66764.08 10.95
Minimum−k & Delay 6081 61407.3 10.09
Real Case 6040 66885.6 11.073

Table 2: Results obtained with the different strategies.

4 Results

The best results achieved for each implementation and the results obtained for the company are summa-
rized in Table 2.

Note that, for any of the Lazy strategies the number of orders collected is 5872. Thus, following
objective 1 the best option would be to use the Lazy strategy. Comparing with the real case all the Lazy
implementations improve the ratio distance by order although the number of orders collected (5872) is
far from the real case (6040).

In order to collect more orders than the real case, any of the Minimum−k strategies should be se-
lected. On the one hand, the Minimum−k implementation can collect 6104 orders but the ratio distance
by order (11.707) worsens in comparison with the real case (11.073). The others implementations of the
Minimum−k strategy collect more orders and improve the ratio distance by order than the real case. It
is clear that the Minimum−k & Delay implementation performs the best results.
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Abstract

The Minimum-Cardinality Balanced Edge Addition Problem (MinCBEAP) appears in the context
of polarized networks as a strategy to reduce polarization by external interventions using the mini-
mum number of edges. We show that every instance of MinCBEAP can be reduced to an instance of
the Minimum-Cardinality-Bounded-Eccentricity Edge Addition Problem (MCBE). A restarted iter-
ated greedy heuristic is developed for solving MinCBEAP via the transformed MCBE. Preliminary
computational results are reported.

1 Problem statement

According to the Oxford Dictionaries, polarization is the division into sharply contrasting groups or sets
of opinions or beliefs [1]. Academic articles, newspapers, and the media in general constantly report
the growth of fake news, misinformation spreading, and polarization. These phenomena are closely
interrelated with each other. Fake news spread faster in polarized networks or groups [6]. At the same
time, fake and tendentious news can accentuate polarization within already existing echo chambers in
the social networks.

Interian and Ribeiro [3] showed that many case studies real-world networks are extremely polarized.
A polarized network is divided into two or more strongly connected groups, with few edges between
vertices belonging to different groups. Most of the time, only same-group vertices communicate to each
other and most of the information that a vertex can receive comes from inside the same group to which
it belongs.

In order to reduce polarization, networks can be treated by external interventions consisting of the
addition or the removal of vertices and edges. In this work, we address a new optimization problem that
treats the issue of polarization reduction by edge additions. Given a graph G = (V,E) and a subset of
(polarized) vertices A ⊂ V , we seek a minimum-cardinality set of edges E′ ⊆ V ×V \E to be added to
G such that all vertices that are not in A can be reached from any vertex in a A by paths with at most D
edges, whereD is a problem parameter. The decision version of our optimization problem can be cast as:

Minimum-Cardinality Balanced Edge Addition Problem (MinCBEAP):
Instance: Graph G = (V,E), subset A ⊂ V , integer D, integer L.
Goal: Is there a set E′ ⊆ (V ×V )\E with cardinality |E′| ≤ L such that dG′=(V,E∪E′)(v, V \A) ≤

D, ∀v ∈ A?

In the above formulation, dG′=(V,E∪E′) denotes the number of edges in a shortest path from v ∈ A
to the closest vertex in V \A in G′ = (V,E ∪ E′).

Given a graph G = (V,E), the eccentricity ε(v) of a vertex v ∈ V is the longest of the shortest paths
in G from v to all other vertices in V \ {v}, see [2]. Any instance of MinCBEAP can be reduced to an
instance of the Minimum-Cardinality-Bounded-Eccentricity Edge Addition Problem (MCBE):

Minimum-cardinality-bounded-eccentricity edge addition problem (MCBE):
Instance: Graph G = (V,E), source vertex s ∈ V , integer B, integer p.
Question: Is there a supergraph G′ = (V,E ∪ E′) of G with E′ ⊆ (V × V ) \ E such that |E′| ≤ p

and εG′(s) ≤ B?
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Interian and Ribeiro [4] showed that MCBE is NP-complete. They also showed that MinCBEAP is
NP-complete for D greater than or equal to 2, using a polynomial transformation from MCBE.

We propose in the following an efficient iterated greedy heuristic for approximately solving
MinCBEAP using a transformation to MCBE. This article is organized as follows. In Section 2, we
describe the polynomial transformation from an instance of MinCBEAP to one of MCBE and the iter-
ated greedy heuristic. In Section 3, some preliminary computational results are presented.

2 Iterated greedy heuristic

We propose the following transformation of an instance of MinCBEAP into an instance of MCBE. Con-
sider an instance of the optimization version of MinCBEAP defined by a graph G = (V,E), a subset
A ⊂ V , and an integer D. To build the corresponding optimization instance of MCBE, consider a graph
Ḡ = (V̄ , Ē) and an integer B = D. Let V̄ = A ∪ {s}, where s is the source vertex representing the set
V \A, in such a way that if there is an edge (u, v) ∈ E with u ∈ A and v ∈ V \A, then there will be an
edge (u, s) ∈ Ē.

The MCBE instance is solved after the problem transformation. Let SH ⊆ (V̄ ×V̄ )\Ē be the optimal
solution of MCBE for the instance defined by Ḡ = (V̄ , Ē). This solution is transformed to a solution
SG ⊆ (V × V ) \ E of the original MinCBEAP instance as follows. Consider any edge (u, v) ∈ SH . If
both u, v ∈ A, then the edge (u, v) also belongs to SG. Otherwise, in case the source s /∈ A coincides
e.g. with extremity u of edge (u, v), then edge (w, v) is placed in SG, where w is a randomly generated
vertex from V \ A. Following this strategy, we obtain a solution SG that solves MinCBEAP satisfying
|SH | = |SG|.

The heuristic proposed in this work is based on the following lemma (the proof is omitted here due
to space limitations):

Lemma 2.1. There is a solution S∗ ⊆ (V × V ) \ E for MCBE such that all edges in S∗ are incident to
the source vertex s.

Therefore, the set of candidate edges to be inserted in the solution can be restricted to those incident
to vertex s. The problem is then reduced to determining a subset X∗ ⊆ V \ {s} of vertices such that for
every vertex v ∈ X∗ there is an edge {v, s} ∈ S∗. In the algorithm, the solution S∗ will be represented
by the corresponding subset X∗ of vertices, where |S∗| = |X∗|.

The cost of a solution to MCBE is given by the cardinality |X| of the set X . It is well known
that local search procedures often do not perform satisfactorily in the context of optimization problems
without weights, in which the objective function is related to the cardinality of the solution, due to the
lack of gradient information and to the exponential size of neighborhoods based on cardinality improv-
ing. In order to overcome this barrier, we propose in the following an iterated greedy heuristic [7] for
MCBE, which is solely based on the repeated, successive application of destruction and reconstruction
procedures, without appealing to local search.

In summary, iterated greedy starts from a greedy or a semi-greedy candidate solution, and generates
a sequence of solutions using two main phases: destruction and reconstruction. During the destruction
phase, some edges are removed from the current solution. The reconstruction procedure then applies a
greedy constructive heuristic to reconstruct a complete candidate solution. If the cardinality of the newly
constructed solution is less than the cardinality of the incumbent solution, then the latter is updated. The
heuristic iterates over these steps until some stopping criterion is met [7].

One important building block of the iterated greedy heuristic is the semi-greedy (or greedy random-
ized) algorithm. There is a number p(v) of non-solved neighbors associated with each vertex v ∈ V ,
that is, the number of neighbors of v that are still at a distance greater than B from the source vertex
s. At each step, this algorithm adds one random vertex from a restricted candidate list (RCL) to the
initially empty solution set X . The RCL is formed by all vertices w ∈ V \ {s} that satisfy the condition
(1 − α)pmax ≤ p(w) ≤ pmax, where pmax = max{p(v) : v ∈ V \ {s}} and α is the greediness
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parameter of the semi-greedy algorithm. We recall that α = 0 corresponds to a purely greedy criterion,
while α = 1 corresponds to a completely random selection of the next vertex from V \ {s}.

Algorithm 1 shows the pseudo-code of the proposed iterated greedy heuristic. In line 1, the best
solution X∗ and its cardinality f∗ are initialized. The while loop in lines 2–16 performs a new iteration
while a stopping criterion is not met. The semi-greedy algorithm is applied in line 3 to build a solution
X using the greediness parameter α. This solution is improved by performing a sequence of destruction-
reconstruction phases in lines 4–12, until kmax iterations without any improvement are executed. The
destruction phase is applied in line 7, by randomly removing a fraction β of the vertices in X . Next, the
resulting solution is reconstructed by a greedy deterministic algorithm in line 8, which corresponds to
the semi-greedy algorithm with α = 0. If the cardinality of the newly reconstructed solution X ′ is less
than the cardinality of the incumbent X , then the latter is updated in line 10. If the solution obtained
after the sequence of destruction-reconstruction iterations is better than the best known solutionX∗, then
the best solution X∗ and its cardinality f∗ are updated in line 14. In line 17, the best solution found X∗

is returned.

Algorithm 1 Restarted Iterated Greedy for MCBE
Parameters: α, β, kmax

Input: G = (V,E)
Output: X∗

1: X∗ ← V ; f∗ ← |V |;
2: while stopping condition is not met do
3: X ← SemiGreedy(G,α);
4: i← 0;
5: while i ≤ kmax do
6: i← i+ 1;
7: X ′ ← PartialDestruction(G,X, β);
8: X ′ ← GreedyReconstruction(G,X ′);
9: if |X ′| < |X| then;

10: X ← X ′; i← 0;
11: end if;
12: end while;
13: if |X| < f∗ then
14: X∗ ← X; f∗ ← |X|;
15: end if;
16: end while;
17: return X∗;

In the above algorithm, an external loop was added to the iterated greedy heuristic originally de-
scribed by Ruiz and Stützle [7]. Instead of starting with a completely greedy solution, we start with a
semi-greedy solution and the iterated greedy construction can be embedded in a multi-start procedure.
This hybrid variant was named Restarted Iterated Greedy (RIG) by Pinto et al. [5].

3 Preliminary numerical results

We generated 13 random graph instances with different number of vertices. The number of edges in
each instance was fixed as 8 times the number of vertices. The maximum length of the connecting paths
was fixed as D = 2. The greediness parameter of the restarted iterated greedy was set at α = 0.1, the
fraction of the solution to be destructed at β = 50%, the number of iterations without improvement at
kmax = 100, and the time limit of 3600 seconds as the stopping criterion for the heuristic.

Table 1 shows preliminary results for the random instances, including the number of vertices
|X∗| = |S∗| in the best solution found and the running time in seconds. We are currently develo-
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ping a mixed integer programming (MIP) approach for exactly solving small- and medium-size instance
of MCBE. Preliminary results obtained by the MIP approach make it possible to identify the optimality
of the solutions found by the restarted iterated greedy heuristic for the instances with up to 1000 vertices.

Instance |A| |X∗| Time (s) Solved?
inst 100v 8x 100 3 0.32 yes
inst 200v 8x 200 7 0.64 yes
inst 500v 8x 500 20 0.19 yes
inst 1000v 8x 1000 38 246.08 yes
inst 2000v 8x 2000 81 3610.24 (no)
inst 3000v 8x 3000 121 3609.47 (no)
inst 4000v 8x 4000 160 3609.60 (no)
inst 5000v 8x 5000 209 3606.40 (no)
inst 6000v 8x 6000 253 3614.21 (no)
inst 7000v 8x 7000 292 3621.25 (no)
inst 8000v 8x 8000 331 3617.79 (no)
inst 9000v 8x 9000 392 3638.78 (no)
inst 10000v 8x 10000 426 3644.16 (no)

Table 1: Results for the restarted iterated greedy heuristic.
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Abstract

The prize-collecting generalized minimum spanning tree problem is a generalization of the NP-
hard generalized minimum spanning tree optimization problem. We propose a GRASP (Greedy Ran-
domized Adaptive Search Procedure) heuristic for its approximate solution. The computational ex-
periments showed that the heuristic developed in this work found very good optimal and suboptimal
solutions for test problems with up to 439 vertices. Furthermore, we also showed that path-relinking
and restart strategies consistently improved the more basic version of GRASP algorithm.

1 Introduction

Let G = (V,E) be a graph defined by its vertex set V = {v1, . . . , vn} and its edge set E ⊆ V × V ,
with a prize pi ≥ 0 associated to each vertex vi ∈ V , i = 1, . . . , n and a cost ce ≥ 0 associated to each
edge e = (i, j) ∈ E, with i, j ∈ V . Without loss of generality, we assume that graph G is complete.
We also assume that the vertex set V can be partitioned in K disjoint sets or groups V1, . . . , VK , i.e.,⋃K

k=1 Vk = V and Vk ∩ V` = ∅, for any k, ` ∈ {1, . . . ,K} : k 6= `. Let e = (i, j) ∈ E be an edge with
extremities i ∈ Vk and j ∈ V`. If k 6= `, then e is said to be an intergroup edge, otherwise e is said to
be an intragroup edge. The prize-collecting generalized minimum spanning tree problem (PC-GMSTP)
consists in finding a subtree of G spanning exactly one vertex of each group V1, . . . , VK and minimizing
the sum of the costs of the edges of the tree less the prizes of the vertices selected in each group [2, 5, 6].

According to [2, 6], PC-GMSTP was introduced by Stanojevic et al. [9] in the context of the de-
sign of regional communication networks connecting local area networks. Similar applications exist in
marketing [6] and other areas.

There are several integer programming formulations for PC-GMSTP, see e.g. [2, 6]. Golden et al.
[2] proposed heuristics for PC-GMSTP and adapted a local search and a genetic algorithm originally
developed for the generalized minimum spanning tree problem. A genetic algorithm solution approach
was proposed in [4]. In this work, we propose a new GRASP heuristic with path-relinking and restarts
for approximately solving PC-GMSTP. Section 2 describes the construction and local search phases of
a GRASP heuristic for PC-GMSTP. Section 3 describes the hybridization of the basic GRASP heuristic
with path-relinking, which is a major enhancement that adds to the original algorithm a long-term mem-
ory mechanism using an elite set of diverse high-quality solutions. Section 4 completes the heuristic,
integrating a restart strategy to diversify the search and to reduce the running times taken by GRASP
with path-relinking. Computational experiments and numerical results are reported in Section 5.

2 GRASP heuristic for PC-GMSTP

GRASP, which stands for a Greedy Randomized Adaptive Search Procedure, is a multi-start metaheuris-
tic, in which each iteration consists of two main phases: construction and local search. The first phase
is the construction of a feasible solution, usually by a greedy randomized algorithm. Once a feasible
solution is obtained, its neighborhood is investigated until a local minimum is found during the second
phase of local search. The best overall solution is kept as the result. The reader is referred to Resende
and Ribeiro [8] for a complete account of GRASP with applications.
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2.1 Construction phase

The greedy randomized heuristic implemented in the construction phase is a combination of the algo-
rithms of Kruskal and Prim for the minimum spanning tree problem Their adaptation in a heuristic for
PC-GMSTP takes into account the fact that exactly one vertex should be selected from each group. It
is also based on considering not only the edge costs, but also the vertex prizes. Only intergroup edges
should be considered, because intragroup edges are not allowed to be part of a solution, as far as only
one vertex of each group is selected as its representative.

2.2 Local search

Local search for PC-GMSTP is based on the 1-opt neighborhood defined as follows. Each solution is
implicitly characterized byK representative vertices, each of them representing the vertices in one of the
groups V1, . . . , VK . Associated to each solution there are potentially

∑K
k=1(|Vk|−1) neighbors, obtained

by replacing exactly one of the selected vertices in the current solution by another one in the same group.
Once the subset of K representative vertices is selected, a complete solution is computed as a minimum
spanning tree of the graph induced in G by the selected vertices.

We have developed two local search procedures for PC-GMSTP. The first local search procedure
deterministically visits the groups of the graph in the increasing order of their labels. At any local search
iteration, the procedure moves from the current solution to the best neighbor. The second local search
procedure visits the groups of the graph in a random order, following a similar proposal in [2].

3 Intensification by path-relinking

Path-relinking is a major enhancement that adds a long-term memory mechanism to GRASP heuristics.
GRASP with path-relinking implements this long-term memory using an elite set of diverse high-quality
solutions previously identified during the search. Basically, at each iteration the path-relinking operator
is applied to the solution found at the end of the local search phase and a randomly-selected solution from
the elite set, returning new solutions that are similar to both of them, but possibly better. The solution
resulting from path-relinking is a candidate for inclusion in the elite set [8].

Path-relinking is always carried out from an initial solution to a guiding solution. We implemented
the backward strategy for path-relinking, where the guiding solution is not better than the initial solution.
Normally, GRASP with backward path-relinking outperform the other path-relinking variants.

4 Diversification by restarts

Resende and Ribeiro [7, 8] have shown that restart strategies are able to reduce the running time taken
by a GRASP with path-relinking heuristic to reach a target solution value for many problems.

A simple and effective restart strategy for GRASP with path-relinking is to keep track of the last
iteration when the incumbent solution was improved and restart the GRASP with path-relinking heuristic
if κ iterations have gone by without improvement. This strategy is called restart(κ). A restart consists in
saving the incumbent and emptying out the elite set.

5 Computational experiments

The GRASP+PR heuristic was implemented in C++ with the GNU GCC compiler version 5.4.0. All
experiments were performed on a computer with a 4-processor Intel Core i5-4460S CPU, with 2.90 GHz
of clock frequency and 8 GB of RAM running the operating system Linux Ubuntu 16.04 LTS of 64 bits.

Since the test instances used in [2, 4] could not be obtained in the literature, we generated 30 new
instances similar to those in [2]. The graphs and the distribution of their vertices in groups have been
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Instance Avg |E| Avg #PR Avg time (s) Max time(s) Avg value Best value
11EIL51 7.0 95.1 0.64 0.66 62.0 62
16PR76 6.9 141.5 2.30 2.35 47127.0 47127
20KROA100 2.9 52.2 6.75 7.03 7661.0 7661
20KROB100 10.0 137.6 5.99 6.18 8147.0 8147
20KROC100 9.0 165.0 6.07 6.20 7923.0 7923
20KROD100 2.4 52.5 6.49 6.72 7192.0 7192
20KROE100 9.7 162.3 5.99 6.17 8060.0 8060
21EIL101 9.9 138.0 5.46 5.65 78.0 78
22PR107 10.0 192.2 8.87 9.12 20360.0 20360
25PR124 9.6 151.3 13.71 14.08 29071.0 29071
28PR136 10.0 189.8 19.33 19.91 37376.0 37376
29PR144 3.9 115.7 24.15 24.87 39902.0 39902
39RAT195 10.0 197.7 73.79 76.96 511.0 511
40KROA200 9.2 195.3 82.90 86.00 11461.0 11461
40KROB200 9.8 195.0 84.73 88.33 11467.0 11467
46PR226 2.0 0.0 106.27 113.28 55254.0 55254
53PR264 10.0 194.0 264.52 276.78 21637.0 21637
60PR299 10.0 198.3 445.09 483.71 19999.4 19995
64LIN318 10.0 198.2 476.16 494.10 18142.5 18140
88PR439 10.0 198.8 1885.55 2048.42 51093.8 51093

Table 1: Results obtained with GRASP+PR heuristic on the 20 test instances.

provided by the authors of [1]. The prizes have been randomly generated in the interval [0, 10], as for
some instances in [2]. The 30 randomly generated instances are now available at Mendeley Data [3].

5.1 Parameter tuning

We selected ten training instances for tuning the three main parameters of heuristic GRASP+PR, corre-
sponding to 36 different configuration settings: nine values for the quality parameter α of the restricted
candidate list of the construction phase (α = 0.1, 0.2, . . . , 0.9); two local search strategies (deterministic
or randomized); and two values for the size nE of the elite set (nE = 10, 20).

We selected as the best version that with α = 0.8, using the deterministic local search, and the size
of the elite population nE = 10, for which the average gap from the best known value was the lowest.

5.2 Experiments on test instances

GRASP with path-relinking with the parameter settings determined in the previous settings was applied
to the 20 remaining instances. Each instance was run 10 times with different seeds for 200 iterations each.
Detailed results are presented in Table 1. For each instance in this table, we indicate, over the 10 runs, the
average number of solutions in the elite set, the average number of iterations in which path-relinking was
performed, the average and maximum running time of the heuristic in seconds, and the average and best
solution value (the thirteen solution values marked in boldface are optimal values obtained by CPLEX).
For all 20 test instances, the best known solution value was reached in at least one run. For each of the
17 smallest test instances, the best known solution value was obtained in all ten runs and, therefore, the
average is equal to the best value.

We evaluated the performance of the restart strategy for PC-GMSTP for κ = 50, 100, 200. Ta-
ble 2 illustrates typical computational results for instance 60PR299. Compared with the strategy without
restarts, strategy restart(100) was the one that lead to the most significant reductions not only on the
fourth quartile (long runs in the distribution tail), but also in the average running time.
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Strategy 1st 2nd 3rd 4th Average
No restarts 26.65 85.65 195.82 578.19 221.58
Restart(50) 26.65 85.26 183.53 498.57 198.50
Restart(100) 26.65 85.65 192.30 476.72 195.33
Restart(200) 26.65 85.65 195.82 512.57 205.17

Table 2: For instance 60PR299, 200 independent runs were executed for each strategy. Each run was
made to stop when a solution as good as the target solution value 19998 was found. For each quartile,
the table gives the average running times in seconds over all runs in that quartile. The average running
times over the 200 runs are also given for each strategy.

no restarts: 1000 iterations restart(100): same time as no restarts
Instance Time (s) Cost Iteration Time (s) Cost Iteration
60PR299 2488.25 19997 21 2490.43 19995 232
64LIN318 2617.43 18140 355 2618.39 18140 258

Table 3: Long runs: no restarts and restart(100), one run for each instance. Stopping criterion: 1000
iterations for no restarts, same running time as no restarts for restart(100).

Next, we performed long runs for two large instances, comparing in Table 3 the results for two
variants of the heuristic. The strategy without restarts was made to stop after 1000 iterations, while
restart(100) was made to stop after the same running time taken by the previous one. The best value for
each instance is marked in boldface. Extensive numerical results will be presented in the full, forthcom-
ing version of this paper.
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Abstract

The simplest shortest path problem in a network whose weights of edges are static can be solved
easily using the well-known Dijkstra algorithm. However, in practical cases such as packet commu-
nication networks, the weights of edges fluctuate by flowing packets or queuing packets at nodes (for
example, routers). Obtaining the shortest paths of the packets from their sources to destinations in
communication networks is called a packet routing problem. In the packet routing problems, both
the optimum routes of packets at the current time are that at the next time cannot be guaranteed be-
cause the distributions of packets changes continually with time. We herein report the performance
of routing algorithms using transmission history information for packet routing problems. Numerical
experiments demonstrate that our method improves the average arrival rate of packets by approxi-
mately 50% over conventional routing methods for different topologies of communication networks.

1 Introduction

The method to establish the shortest path between two nodes according to any condition of networks
is a well-known and important problem in science and engineering. The simplest case of the shortest
path problems of a network whose weights of links are static can be solved easily using the Dijkstra
algorithm [3]. However, in practical cases such as communication networks, the weights of edges are
dynamically fluctuated because of the distributions of queuing packets at nodes (for example, routers)
change continually with time. If few packets are flowing in a communication network, the weights of
the links are almost static; subsequently, the shortest paths for the packets are found easily. However, if
the flowing packets increase, the weights of the links change dynamically; thus, it is difficult to obtain
the shortest paths. Transmitting the packets to their destinations as quickly as possible by avoiding
congestion can be achieved by obtaining the effective paths of the packets according to the spatio–
temporal distribution of the packets using sophisticated methods. We term obtaining the shortest paths
from sources and destinations of packets in a communication network a packet routing problem.

To solve packet routing problems, a routing algorithm using transmission history information was
proposed [5], and the method was evaluated using scale-free communication networks, i.e., networks in
which most of the nodes have small numbers of connections, but some nodes are hub nodes with large
numbers of connections. However, recent studies revealed that only 4% of communication networks are
scale free [2]. In addition, evaluations of our method for different network structures are of interest.
Hence, we investigate the performance of the routing method using the transmission history information
for different topologies of communication networks.

The basic elements of a model of communication network are nodes, edges (links), and packets.
All the packets contain randomly assigned sources and destinations, and are transmitted to destinations
through any of the links according to the first-in first-out principle. The objective function of the packet
routing problem is defined as follows:
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Q∗
i = min

j∈mk

qij (i = 1, . . . , G), (1)

where G is the total generating packets; mk is a set of nodes in the kth transmitting route; qij is the total
transmitting time of the generating packets i using route j.

Further, the shortest paths of the packets can be obtained by selecting the optimum adjacent transmit-
ting node at every node according to the spatio–temporal distributions of packets in the communication
networks.

2 Realization of the routing method using transmission history informa-
tion

To realize a routing method using transmission history information (abbr. memory) [5], we define an
evaluating function that determines the transmission of a packet from node i to its adjacent node j as
follows:

ξij(t) =
dij + djg(pi(t))∑

l∈Ni

(dil + dlg(pi(t)))
, (2)

ζij(t) = α
t∑

s=1

ksrxij(t− s), (3)

xij(t) =

{
1 (min (ξij(t) + ζij(t))), j ∈ Ni,
0 (otherwise),

(4)

where dij is the shortest distance between node i and its adjacent node j; Ni is a set of adjacent nodes
of node i; g(pi(t)) is the destination node of the transmitted packet of node i at the tth time; α >
0 is a control parameter that determines the strength of the memory information; 0 < kr < 1 is a
decay parameter of the memory information; xij(t) is an indicator function that memorizes the packet
transmission from node i to node j at the tth time. If ξij(t) + ζij(t) contains the smallest value of the
other nodes, node i transmits a packet to the adjacent node j. If node i frequently transmits the packets
to the adjacent node j, ζij increases. Consequently, node i avoids transmitting the next packet to the
adjacent node j. We expect this diversification of transmitting routes using the memory information to
be applicable to obtain the shortest paths of packets while avoiding packet congestion.

3 Numerical experiments

In this study, we used four types of different communication network topologies with 300 nodes: scale
free [1], scale-free with cluster relationships [4], and ring-topology regular and small-world [6] commu-
nication network models. The small-world networks [6] have short distances between nodes and strong
cluster relationships. In our communication network models, the transmission capacity of node i is de-
fined as Ci = 1 + ⌊γKi + 0.5⌋, where Ki is the degree of node i and γ > 0 is a tunable parameter.
The transmission capacity corresponds to the maximum number of packet transmission in one iteration.
Further, every node has an infinite size of buffer. We repeated packet transmission at every node selection
of an adjacent transmitting node and the transmission of a packet, for 103. In this study, the packets were
removed from the network if they arrived at the destinations.

The parameters of our method were set as follows: α = 0.01, kr = 0.99, and γ = 0.4. We generated
R packets whose sources and destinations were randomly determined at each iteration. We conducted
numerical experiments for 20 times and calculated the average of the results.

The results are shown in Fig. 1.
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Figure 1: Relationship between the number of generated packets (R) and average arrival rate of packets
for (a) scale free [1], (b) scale-free with cluster relationships [4], (c) ring-topology regular [6], and (d)
small-world [6] communication network models.

As shown in Fig. 1, the memory method successfully obtained a higher average arrival rate of pack-
ets than the shortest path (SP) method for (a) scale-free, (b) scale-free with cluster relationships [4],
(d) small-world [6] network models. Because ring-topology communication networks rarely exist in
autonomous system level communication networks, the routing method using transmission history in-
formation demonstrates effective performance for various topologies of communication networks, and
effectively solves the packet routing problem. Further, we hope our proposed method will be successfully
applied to OpenFlow protocols.
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