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ABSTRACT 

One of the most significant extension problems of the vehicle routing problem (VRP) is the 

heterogeneous fixed fleet vehicle routing problem (HFFVRP), which aims to provide service to a 

specific customers’ group using a limited number of vehicles. This is vital in ensuring if a business 

can meet customers’ demand while simultaneously maximizing its profit. The HFFVRP is 

concerned with determinations of the minimum cost routes for a fleet of vehicles in order to satisfy 

the demand of the customer population. The fleet composition consists of various types of vehicles, 

which differ with respect to their maximum carrying load and variable cost per distance unit. This 

research will take the CO2 emission as a contributing factor to the green VRP (GVRP).  In this 

thesis, at first a comprehensive introduction of the mentioned problem will be discussed. Then 

recent studies in this area will be reviewed and based on the literature review the research gap will 

be clarified. A hybrid meta-heuristic algorithm named imperialist competitive algorithm (ICA) 

will then be introduced. Uncertainty as an important issue in todays’ real world industry is 

considered in this thesis. Also in order to solve the problem optimally, the mentioned solution 

approach will be implemented. By enhancing the traditional ICA, a new approach named hybrid 

ICA (HICA) is developed, which its performance is compared to the traditional ICA and genetic 

algorithm (GA). Results show that HICA is considerably out performing other algorithms in regard 

to objective function value. The impact of changes in each constraint on the objective value is also 

investigated.  
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CHAPTER ONE 

INTRODUCTION 

  Motivation  

The logistics and transportation industry in the United States is highly competitive. By investing 

in this sector, multinational firms position themselves to better facilitate the flow of goods 

throughout the world's largest consumer market. International and domestic companies in this 

industry benefit from a highly skilled workforce and relatively low costs and regulatory burdens. 

Spending in the U.S. logistics and transportation industry totaled $1.48 trillion in 2015 and 

contributed to 8 percent of annual gross domestic product (GDP). Analysts expect industry 

investment to correlate with sector-specific growth in the U.S. economy. 

America's highly integrated supply chain network links producers and their consumers through 

different transportation modes, including air and express delivery services, freight rail, maritime 

transport, and truck transport. To serve customers efficiently, multinational and domestic firms 

provide tailored logistics and transportation solutions to ensure coordinated goods movement from 

origin to end user through each supply chain network segment. Hence, it is valuable to study this 

industry more in details and propose new solution approaches and conditions to obtain optimality 

in terms of system costs and benefits. This study proposes a new mathematical model to solve a 

heterogeneous fixed fleet vehicle routing problem (HFFVRP) - which will be introduced later - in 

an optimal way.  

  Problem Background  

Logistics can be defined as the provision of goods and services from a supply point to various 

demand points and end users. The transportation of raw materials from the suppliers to the factory, 

from the factory to the depots, and the distributions to customers can be described as a complete 

logistic system. With an effective logistic and supply chain system, cost can be reduced due to less 
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penalties for late delivery, lowered trucking cost, less capital spent on fuel, shorter distances and 

effective use of capacity of the vehicle. One of the most significant measures of a logistic system 

is effective vehicle routing optimization. Classic VRP problem is meant to find a set of routes 

which all of them start and end at the same depot with respect to satisfying all customers. The 

transportation cost can be improved by reducing the total travelled distance and by reducing the 

number of the required vehicles. An extended version of the VRP is known as the heterogeneous 

vehicle routing problem (HVRP) in which the fleet composition also should be regarded. HVRPs 

consider a limited-unlimited fleet of capacitated vehicles. In this situation each vehicle is known 

to have a fixed cost device and also each customer has a fixed demand value. The problem is to 

find the best fleet composition and vehicle routes, in such a way that the constraints related to the 

VRP should not be violated and the objective value be optimal. Two major HVRPs are the fleet 

size and mix vehicle routing problem (FSM) introduced by Golden, Assad, Levy, and Gheysens 

(1984) which works with an unlimited heterogeneous fleet and the heterogeneous fixed fleet 

vehicle routing problem (HF) introduced by Taillard (1999) in which the fleet is predetermined. 

Other variants of the FSM and the HF also exist. 

  Problem Statement  

The vehicle routing problem is a combinatorial optimization and integer programming problem 

seeking to provide service to a number of customers with a fleet of vehicles. Proposed by Dantzig 

and Ramser in 1959, VRP is an important problem in the fields of transportation, distribution and 

logistics. The VRP concerns the service of a delivery company. How things are delivered from 

one or more depots which has a given set of home vehicles and operated by a set of drivers who 

can move on a given road network to a set of customers. It asks for a determination of a set 

of routes, S, (one route for each vehicle that must start and finish at its own depot) such that all 
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customers' requirements and operational constraints are satisfied and the global transportation 

cost is minimized. This cost may be monetary, distance or any other valuable resources.  

In this thesis a new mathematical model will be proposed to design a robust GHVRP with time 

window consideration and under parameter uncertainty. In order to cope with uncertainty in 

proposed model a robust optimization approach will be implemented. Also because of complexity 

of proposed model a new improved imperialist competitive algorithm will be applied to solve the 

model in an optimal and less computational effort manner.  

 Numerical instances will be generated using two different distribution functions. Also the 

MATLAB software will be implemented to code the mentioned HICA meta-heuristic. 

Both quantitative and qualitative analysis will be conducted using the generated instances. Also 

based on the obtained results some managerial insights will be addressed in the thesis.  

 Vehicle Routing Problem (Definition and Necessity) 

In the classic vehicle routing problem the main goal is to determine an optimal routing plan for 

homogeneous fleet vehicles to serve customers, in a way that each route starts and ends at the same 

depot. Also each customer should be visited once and only by one vehicle. Comprehensive 

literature on the VRP and its variants are those conducted by Cordeau, Laporte, Savelsbergh, Vigo, 

Barnhart, and Laporte (2007) and Laporte (2009), and the books by Golden, Raghavan, and Wasil 

(2008) and Toth and Vigo (2014). 

Basically, in distribution problems, customers are served by a heterogeneous fleet of vehicles (see, 

e.g., Hoff, Andersson, Christiansen, Hasle, & Løkketangen, 2010; FedEx, 2015; TNT, 2015).  

 VRP is a concept that starts from the end of the fifties of the last century. In that time Dantzig and 

Ramser implemented a mathematical programming approach to solve the problem of delivering 

gasoline to service stations.  
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Based on the reviewed literature, the VRP states that m vehicles initially located at a depot should 

deliver discrete quantities of products and goods to n potential customers with a demand value. 

Finding the optimal or the closest to the optimal route used by a group of vehicles when serving a 

group of users represents a classic VRP. The objective is to minimize the overall system cost. 

Classic VRP problem seeks the means to find a set of routes which all of them start and end in the 

depot while satisfying the constraint that all the customers should be served only and only once. 

The transportation cost can be improved by reducing the total travelled distance and by reducing 

the number of the required vehicles. 

The majority of the real world problems are often much more complex than the classic VRP. 

Different logistics constraints and customer expectation add layers of complexity to the classic 

VRP. Therefore, in practice, the classic VRP problem is augmented by constraints, such as vehicle 

capacity or time interval in which each customer has to be served, revealing the capacitated vehicle 

routing problem (CVRP) and the vehicle routing problem with time windows (VRPTW), 

respectively. In the last 50 years many real-world problems have required extended formulation 

that resulted in the multiple depot VRP, periodic VRP, split delivery VRP, stochastic VRP, VRP 

with backhauls, VRP with pickup and delivering and many others. 

One of the most important and practical versions of the VRP is known as the heterogeneous vehicle 

routing problem (HVRP) in which the fleet composition also should be regarded.  

VRP and its extended versions, are NP hard combinatorial optimization problem that can be 

exactly solved only for small instances of the problem. Although the heuristic approach does not 

guarantee optimality, it yields best results in practice. In the last twenty years the meta-heuristics 

has emerged as the most promising field of research for the family of VRPs. 
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  Organization of the Thesis 

In this thesis, a green VRP with time windows and uncertainty considerations will be investigated. 

Also a new modified imperialist competitive algorithm will be implemented to solve the problem, 

optimally. After reviewing recent related studies, the domain gap is identified and the thesis is 

defined based on this gap. In next chapter a comprehensive study on literature of the problem will 

be conducted. Then in chapter 3 and 4 the mathematical model and solution approach will be 

described in details, respectively. Chapter 5 will conclude the results and suggest future work in 

this area.  
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CHAPTER TWO 

LITERATURE REVIEW 

  Problem Definition and Classification 

HVRPs consider a limited-unlimited fleet of capacitated vehicles. In this situation each vehicle is 

known as a fixed cost device and also each customer has a fixed demand value. The problem is to 

find the best fleet composition and vehicle routes, in such a way that the constraints related to the 

VRP should be met. Two major HVRPs are the fleet size and mix vehicle routing problem 

introduced by Golden et al. (1984) which works with an unlimited heterogeneous fleet, and the 

Heterogeneous Fixed Fleet Vehicle Routing Problem (HF) introduced by Taillard (1999) in which 

the fleet is predetermined. Other variants of the FSM and the HF also exist. In what follows, we 

will classify the main variants with respect to two criteria, first the objectives and then the presence 

or absence of time window constraints.  

 Objectives 

The objective of both the FSM and the HF is to minimize the total cost function which includes 

fixed (F) and variable (V) vehicle costs. We now differentiate between five important variants: 1) 

the FSM with fixed and variable vehicle costs, denoted by FSM(F, V), introduced by Ferland and 

Michelon (1988); 2) the FSM with fixed vehicle costs only, denoted FSM(F), introduced by 

Golden et al. (1984); 3) the FSM with variable vehicle costs only, denoted by FSM (V), introduced 

by Taillard (1999); 4) the HF with fixed and variable vehicle costs, denoted by HF(F, V), 

introduced by Li, Golden, and Wasil (2007); 5) the HF with variable vehicle costs only, denoted 

by HF(V), introduced by Taillard (1999). 

  Time Windows 

Two natural extensions of the FSM and HF arise when time window constraints are imposed on 
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the start of service at each customer location. These problems are denoted by FSMTW and HFTW, 

respectively. In these extensions, two measures are used to compute the total cost that needs to be 

minimized: 1) the first is based on the in route time (T) which is the sum of the fixed vehicle cost 

and the trip duration but excludes the service time. In this case, service times are used only to 

check route feasibility and for performing adjustments to the departure time from the depot in 

order to minimize preservice waiting times. 2) The second cost measure is based on distance (D) 

and consists of the fixed vehicle cost and the distance traveled by the vehicle, as is the case in the 

standard VRP with time windows. 

  Other Variants 

Both the FSM and the HF have given rise to a multitude of extensions which have received 

particular attention in the last 5 years. In this section, we review such variants and extensions, 

which are classified in Figure 1 (this figure is based on the review paper proposed by Koc et al. 

(2016)). 
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Figure 2-1 A Classification of HVRP Variants. Koc et al. (2016) 

 Multi Depot HVRP 

The multi depot FSM was first introduced by Salhi and Sari (1997) who proposed a three level 

composite heuristic for the problem. An initial solution is first generated, a composite heuristic is 

executed to improve the quality of the solution, and finally an extension of the composite heuristic 

which considers all depots simultaneously is then applied. Several procedures of the algorithm are 
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taken from Salhi and Rand (1993). Salhi, Imran, and Wassan (2014) later considered the same 

problem by proposing a mixed integer linear programming formulation with new valid inequalities 

and several other variable settings. Furthermore, the authors developed a variable neighborhood 

search heuristic equipped with a scheme for determining borderline customers and combined with 

a local search method based on a multi-level heuristic. The heuristic uses the Dijkstra’s algorithm 

to optimally partition the routes. It includes a diversification procedure and also contains a 

mechanism to aggregate the routes from different depots and then to disaggregate them and assign 

them to different depots. In total, 23 new best solutions out of the 26 benchmark instances were 

obtained, which make this heuristic highly competitive. 

Several metaheuristics were developed for the Multi depot FSMTW. For instance, Dondo and 

Cerdá (2007) proposed a mathematical model and a three phase heuristic. The first phase 

determines a set of cost effective clusters and the second phase assigns clusters to vehicles and 

sequences them on each tour by using a cluster based mathematical model. In the final phase, 

customer orders and scheduling of vehicle arrival times are optimized by solving a mathematical 

model. Computational experiments were conducted on adapted classical Solomon (1987) VRPTW 

instances with up to 100 nodes. In another study, Xu, Wang, and Yang (2012) described a 

mathematical formulation and implemented a variable neighborhood search algorithm. The 

authors designed a hybrid insert and exchange operator for the shaking mechanism and 

implemented a best improvement strategy to increase solution quality and decrease the running 

time. No computational experiments were conducted on the FSMTW since the authors only tested 

their algorithm on the classical Golden et al. (1984) FSM instances. 

Bettinelli, Ceselli, and Righini (2011) developed a branch-and-cut-and-price algorithm for the 

multi depot HFTW. They investigated several mixed strategies, such as initializing the restricted 
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master problem and repairing the columns in the restricted master problem by removing the cycles. 

Their results suggest that the number of different vehicle types, as opposed to the presence of 

multiple depots, makes the problem more difficult to solve. The tightness of the time windows was 

also found to influence the complexity of the problem. 

Irnich (2000) introduced the multi depot pickup and delivery FSMTW with a single hub. In this 

problem, all routes have to visit the hub at least once, and are cycles that start from and end at the 

same depot. The author developed a network model which computes lower bounds and solves a 

set partitioning problem. 

Afshar-Nadjafi and Afshar-Nadjafi (2014) studied a time dependent multi depot HFTW and 

proposed a mathematical formulation along with a constructive heuristic with three local search 

operators. Their results were compared in 180 different test instances and indicate that the 

proposed heuristic was indeed able to identify solutions within 0.3 percent of optimality for small 

size instances. 

Levy, Sundar, and Rathinam (2014) introduced the multi depot multi unmanned FSM with 

consideration of fuel constraints where the different types of vehicles, between two and nine, are 

expected to refuel at fuel stations or at depots as they run out of fuel. They used a variable 

neighborhood descent (VND) and a variable neighborhood search (VNS) in their study. The 

authors presented simulation results to test the efficiency of the method on a set of 23 instances in 

which VND produced better solutions than VNS. 

Dayarian, Crainic, Gendreau, and Rei (2015) introduced the multi depot FSMTW with deliveries 

to the plants. The problem is inspired by collection redistribution activities in the raw milk industry 

of Quebec, Canada, where there is a need to satisfy the plant demands by delivering the supplies 

collected earlier in a timely manner. The authors defined a new set covering model, a specialized 
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cutting-edge column generation procedure to solve its linear relaxation and a new branching 

strategy based on the special structure of the problem. Promising results were obtained on instances 

with up to 50 producers. 

 Green HVRP 

In recent years, environmental related issues have received considerable attention in the context of 

the VRP.  Kwon, Choi, and Lee (2013) studied a green extension of the HF in which the objective 

is to minimize carbon emissions. The authors presented a mathematical formulation and developed 

several tabu search algorithms. The authors performed a cost benefit assessment of the value of 

selling or purchasing of carbon emission rights. Their results suggest that carbon emissions can be 

reduced without increasing costs due to the benefits of carbon trading. 

In their study, Juan, Goentzel, and Bektas (2014) introduced the FSM with multiple driving ranges 

in which the total distance that each vehicle type can travel is limited to a certain number. This 

problem arises in the routing of electric and hybrid electric vehicles which can only travel limited 

distances due to the limited capacity of their batteries. The authors described a mathematical 

formulation and developed a multi round heuristic. The method they used is based on a biased 

randomized algorithm which can be applied solely to create alternative fleet choices whenever the 

feasibility of the pre specified fleet configuration is not guaranteed. A set of benchmark instances 

were created to analyze how distance based costs increase or decreases when considering 

“greener” fleet configurations. The method performed well on all benchmark instances and many 

different alternative solutions offer competitive distance based costs while using fewer long or 

medium range vehicles than normally required. Kopfer and Kopfer (2013) studied the emission 

minimizing variant of the FSM. These authors described a mathematical formulation for the 

problem and computed the CO2 emissions based on the vehicle load and distance traveled. They 
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presented computational experiments on small size instances with up to 10 customers. Kopfer, 

Schönberger, and Kopfer (2014) later studied an extension of this problem in which emission and 

fuel consumption are jointly minimized. They presented a mathematical model and solved it by 

CPLEX on instances with up to 14 nodes. The model was used to analyze the potential of reducing 

CO2 emissions by using a heterogeneous fleet. The tests confirmed that the quantity of fuel needed 

to serve a given customer demand can indeed be reduced. 

Koç, Bektas¸, Jabali, and Laporte (2015) studied the fleet size and mix pollution routing problem 

where the objective is a linear combination of vehicle, fixed cost, fuel cost and CO2 emissions and 

each driver’s cost. The authors formally defined the problem, presented a mathematical model and 

developed a hybrid evolutionary metaheuristic. Several algorithmic features were introduced, 

namely a heterogeneous adaptive large neighborhood search procedure, a split algorithm with 

speed optimization algorithm and a new solution education procedure. Computational experiments 

were conducted to shed light on the potential tradeoffs between various performance indicators, 

such as fuel and CO2 emissions, vehicle fixed cost, distance traveled, driver cost and total cost. 

The authors quantified the benefit of using a heterogeneous fleet over a homogeneous one. An 

interesting finding was that a heterogeneous fleet with fixed speeds achieved greater benefits in 

cost as opposed to a homogeneous fleet using speed optimization. 

  HVRP with Backhauls 

Tütüncü (2010) introduced the HF with backhauls and proposed a new greedy randomized 

adaptive memory programming search based on a visual interactive algorithm. The method was 

embedded within a visual decision support system where users are allowed to generate and assess 

alternative decisions by using their experience and knowledge of the problem. The proposed 

algorithm was initially tested on classical HF instances and competitive results were obtained 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0065
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within a reasonable computation time. Several new bench mark instances with up to 100 nodes 

were also generated for the HF with backhauls. 

 In their work, Belmecheri, Prins, Yalaoui, and Amodeo (2013) described the HFTW with mixed 

back hauls where line haul customer demands are delivered from the depot, while backhaul 

customers have goods to be picked up and brought back to the same depot. The authors presented 

a mathematical model and proposed a particle swarm optimization heuristic which was applied to 

randomly generated instances with 25 to 100 nodes. 

A new variant of the FSM with Backhauls was introduced by Salhi, Wassan, and Hajarat (2013). 

In this problem, there are two different types of customers: first those who are the “delivery 

customers” and the “pick up (backhaul)” customers. All deliveries must be made to the line haul 

customers before any of the backhaul customers are serviced. Routes containing only backhaul 

customers are not allowed. The authors formulated the problem, presented several valid 

inequalities and developed a heuristic algorithm based on a set partitioning formulation. A total of 

36 instances were generated, ranging from 20 to 100 nodes. Optimal solutions were obtained on 

small size instances, and upper and lower bounds could be computed on larger ones. The method 

performed reasonably well on the FSM with backhauls as well as on the standard FSM. 

  HVRP with External Carriers 

Several studies have considered the special case of the HF where external carriers are used. In this 

problem, customer demands are delivered by means of a heterogeneous internal fleet or by an 

external carrier. The objective is minimizing a total cost function of external carriers, 

transportation and fixed cost of the internal fleet. 

One of the first papers focused on this problem is by Chu (2005) who proposed a three level 

heuristic. The customers served by the external carrier are first selected. Routes are then 
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constructed to serve the remaining customers by applying a modified version of Clarke and Wright 

(1964) savings algorithm. Finally, a steepest descent heuristic is applied to improve the quality of 

the solution. The author applied the method to five generated instances with up to 29 customers. 

Another study on this problem was presented by Bolduc, Renaud and Boctor (2007). They 

developed a heuristic that first selects the customers to be served by external carriers, and then 

generates an initial solution subsequently improved by four opt moves. This heuristic yielded 

better results than that of Chu (2005). In a more recent study, Bolduc, Renaud, Boctor and Laporte 

(2008) proposed a perturbation metaheuristic for the same problem. The algorithm integrates a 

local descent on different neighborhood structures with a randomized construction procedure, a 

perturbation mechanism where pairs of customers are swapped, and an improvement procedure. It 

also makes use of a streamlined family of edge exchanges. The method provided better results than 

those of Chu (2005) and Bolduc et al. (2007). Finally, Potvin and Naud (2011) developed a tabu 

search heuristic for the same problem with a neighborhood structure based on ejection chains. This 

heuristic outperformed all previous ones and was particularly effective on large size instances due 

to the use of the ejection chain mechanism which allows multiple displacements of customers 

served by heterogeneous vehicles. 

Ceschia, Luca Di, and Andrea (2011) studied another extension of the FSMTW with carrier 

dependent costs. The problem works with a heterogeneous fleet, a multi-day planning horizon, 

complex carrier dependent vehicle costs, and the possibility of not serving some orders. The 

authors developed a tabu search with a combination of three different neighborhood relations. The 

effects of these neighborhoods were investigated on a set of real-world instances. The method was 

also tested on the benchmarks instances of  Bolduc, Renaud, and Boctor (2007). The proposed 

method was able to obtain one new best known solution. 
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  HVRP with Container Loading 

A few studies have considered the joint HVRP and container loading problem, where the latter 

feature adds a significant layer of complexity. One of the earlier papers by  Lai, Crainic, Di 

Francesco, and Zuddas (2013) considered the HF with single and double container loads where 

container loads must be shipped from exporters to a port and from the port to importers by trucks 

carrying either one or two containers. The problem was formulated as a mixed integer linear 

program. The authors developed an algorithm in which an initial solution is obtained through a 

modified version of Clarke and Wright (1964) savings heuristic, and then improved by a sequence 

of local search stages. 

 Leung, Zhang, Zhang, Hua, and Lim (2013) have studied the FSM with two dimensional loading. 

In this problem, vehicles have different capacities, fixed and variable operating costs, a length and 

a width and two dimensional loading constraints. Customers demand rectangular items with a 

given width, length and weight. The authors developed a simulated annealing algorithm combined 

with a local search heuristic to improve the solution. Furthermore, six packing algorithms, five of 

which were proposed by Zachariadis, Tarantilis, and Kiranousdis (2009) and one by Leung, Zheng, 

Zhang, and Zhou (2010) were also used to solve the loading sub problem. The method was tested 

on benchmark instances derived from the VRP with two dimensional loading (Gendreau, Iori, 

Laporte, and Martello, 2008; Iori, Salazar, and Vigo, 2007). Dominguez, Juan, Barrios, Faulin, 

and Agustin (2014) later studied an undirected version of the FSM with two dimensional loading 

which is different from that of Leung et al. (2013) by allowing the items to be rotated by 90 degrees 

during the truck loading process. The work was motivated by a real world case in which a company 

distributes industrial building construction equipment to customers. These items are assumed to 

be rectangular and must be packed so as to efficiently use the utmost vehicle capacity. Thus, the 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0035
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equipment must be distributed considering not only their weight, but also their specific dimensions. 

The authors developed a multi-start heuristic based on biased randomization of routing and 

packing algorithm. Routing and packing costs are considered simultaneously to better support the 

decision making process. The authors used the benchmark instances of Leung et al. (2013) and 

were able to obtain some new best known solutions. 

  HVRP with Split Deliveries 

Split deliveries in vehicle routing occur when the demand of a customer may be fulfilled by 

multiple vehicles. Tavakkoli-Moghaddam, Safaei, Kah, and Rabbani (2007) were among the first 

to allow split deliveries in the context of the HF. The cost of the fleet depends on the total unused 

capacity and on the number of vehicles used. The authors formulated the problem as mixed integer 

linear program and then developed a hybrid simulated annealing algorithm. They generated new 

benchmark instances with 6 to 100 nodes. On the small size instances, the heuristic was compared 

with a branch-and-bound method which yields competitive results. On the larger size instances, 

the comparison was made with respect to lower bounds obtained by solving a giant tour visiting 

all the customers. 

In their study, Belfiore and Yoshizaki (2013) developed a scatter search algorithm for the FSMTW 

with split deliveries. Initial solutions were created by two constructive heuristics. Scatter search 

was then used to diversify and intensify the solutions. The authors applied their algorithm on the 

standard FSMTW instances of Liu and Shen (1999a) and on generated instances from the VRP 

with Split Deliveries of Ho and Haugland (2004) with 100 nodes for which several best known 

solutions obtained. 

  HVRP with Pickup and Delivery 

Qu and Bard (2013) introduced the pickup and delivery HF with configurable vehicle capacity in 
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which the vehicle capacity can be modified by reconfiguring its interior to satisfy different types 

of customer demands. The authors presented a mixed integer formulation, and developed a two-

phase heuristic based on greedy randomized adaptive search procedures with multiple starts. In 

the first phase, several randomized procedures are used to obtain a set of good feasible solutions 

and in the second phase an adaptive large neighborhood search heuristic is applied to improve the 

solutions. Eight real instances with up to 100 nodes and four vehicle types were solved. The 

solutions yielded cost savings from 30 percent to 40 percent. The same authors (Qu & Bard, 2014) 

later introduced the pickup and delivery FSMTW with configurable vehicle capacity. They 

presented a mixed integer programming model and a branch-and-price-and-cut algorithm. The 

authors proposed a labeling algorithm for the pricing sub problem, which is an elementary shortest 

path problem, developed efficient dominance conditions to speed up the method, and used subset 

row inequalities to strengthen the lower bound obtained by column generation. Benchmark data 

sets with up to 50 nodes were generated to test the efficiency of the method. Optimal solutions 

were obtained in the majority of cases. 

  Open HVRP 

 Li, Leung, and Tian (2012) seem to have been the first researchers to study the open HF, where a 

vehicle starts its route at the depot but is not required to return back to it after servicing the last 

customer. The authors proposed a multi start adaptive memory programming algorithm with a 

modified tabu search heuristic which was applied to randomly generated instances with between 

50 and 200 nodes and with six vehicle types. The second paper on this problem is published by 

Yousefikhoshbakht, Didehvar, and Rahmati (2014), in which an adaptive memory algorithm 

combined with tabu search is developed. The algorithm generates initial diversified solutions 

which are later intensified. The tests revealed that the algorithm is effective and can find better 
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solutions than those of Li et al. (2012). 

  HVRP Variants and Extensions 

A number of the HVRP extensions have been studied, ranging from cases in which customer 

demands are stochastic to cases containing realistic constraints relative to synchronization, 

multiple products, loading, etc. A brief overview of these studies is as following: 

Teodorovic´, Krcˇmar-Nozic´, and Pavkovic´ (1995) considered a stochastic FSM where customer 

demands are drawn from a uniform distribution. The authors proposed a heuristic to construct a 

giant tour, which is then split into smaller routes, each of which is assigned to a suitable vehicle 

type. The probability of failure on a route is then computed as the probability that the total demand 

served on the route exceeds the vehicle capacity. 

Vis, de Koster, and Savelsbergh (2005) considered a variant of the FSMTW with fleet 

dimensioning between buffer areas and storage areas at a container terminal. This problem arises 

in maritime transportation where products can be transported in containers between ports. The 

containers are transferred from one transportation mode to another, and cranes remove containers 

from a ship to put them in a capacitated buffer area. A vehicle lifts a container from the buffer area 

before it is full and transports it to another buffer area before it is eventually moved to a storage 

area. The problem minimizes the container fleet size between buffer and storage areas within a pre 

specified time window. The authors described a mathematical model for the problem and used 

simulation to validate the results on instances with 50, 80, or 100 containers. Additional 

experiments were also conducted to test the performance of the model under various conditions. 

The objective was to minimize the vehicle fleet size. 

Bolduc, Renaud, and Montreuil (2006) consider the HF with synchronized production and 

distribution for a large scale supply chain network. The problem involves the determination of a 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0126
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production schedule, inventory levels and a schedule for delivering demand at the retailers. The 

authors presented a mathematical model, proposed four heuristics for direct deliveries and 

described several extensions to tackle with the multiple retailer routes. 

Tavakkoli-Moghaddam, Safaei, and Gholipour (2006) introduced another variant of the FSMTW 

in which only the depot has a time window and the cost is independent of the route length but 

dependent on the type and capacity of available vehicles. The authors developed a mathematical 

model and a hybrid simulated annealing algorithm based on the nearest neighborhood heuristic. 

Computational results show that 18 small scale instances of up to 10 customers were solved to 

optimality with the proposed mathematical model and the heuristic could find good solutions 

within reasonable computation time on 10 large instances with up to 300 customers. 

The HF with soft time windows was studied by Yepes and Medina (2006) who proposed a three 

step local search algorithm based on a probabilistic variable neighborhood search. The method 

includes a generation procedure that makes use of a greedy randomized adaptive search, a 

diversification procedure uses an extinctive selection evolution mechanism and a post optimization 

mechanism based on a threshold heuristic with restarts. The authors note that practical VRPs need 

an economic objective function to compute the solution cost under various economic scenarios 

whose specific conditions may change every day. Three instances with 100 nodes and three vehicle 

types were solved. De la Cruz, Paternina-Arboleda, Cantillo, and Montoya-Torres (2013) studied 

the FSMTW with multiple products and limited transport capacity. The authors developed a hybrid 

ant colony heuristic with a two pheromone trail strategy to accelerate the ants, combined with a 

simple tabu search heuristic. A colony of cooperative agents is used to obtain feasible solutions 

for the problem where the implementation is two level iterative process (see Barbarosoglu and 

Ozgur, 1999; Homberger and Gehring, 1999). After the ant colony search, a tabu search algorithm 
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is applied to obtain better solutions without significantly affecting the computation time. The 

heuristic uses recent event and frequent event memories, as well as diversification procedures. The 

authors generated benchmark instances with up to 200 nodes based on those of Solomon (1987) 

and Homberger and Gehring (1999) on which competitive results were obtained. 

Franceschelli, Rosa, Seatzu, and Bullo (2013) developed two heuristic to solve several variants of 

the FSM with multi vehicle task assignment. To improve the local task assignments, the first 

algorithm builds on local, asynchronous and pairwise optimizations, while the second one is linear 

with respect to the number of tasks. The authors proposed upper and lower bounds which consider 

vehicles with different movement and task execution speeds, and also tasks with several service 

costs. The algorithms were validated through simulations. 

Another extension of the FSMTW, which considers overloads on vehicles, was investigated by 

Kritikos and Ioannou (2013). Overloads are allowed up to a pre specified bound, the penalty 

function of Gheysens et al. (1984) is embedded within the objective function to effectively control 

overloaded solutions. The authors developed a sequential insertion heuristic which extends the 

traditional insertion criteria of Solomon (1987), and adapts several algorithmic procedures 

introduced by Golden et al. (1984), Dullaert, Janssens, Sörensen, and Vernimmen (2002) and Liu 

and Shen (1999a). Competitive results were obtained on the adapted FSMTW instances of Liu and 

Shen (1999b). 

Seixas and Mendes (2013) studied the Multi-Trip FSMTW with accessibility restrictions on 

customers, in which the work hours of the drivers are limited. They developed a column generation 

algorithm, a constructive heuristic and a tabu search heuristic. Valid inequalities were also 

introduced to strengthen the formulation. Instances with up to 50 customers and 25 vehicles were 

solved to optimality. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0043
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0039
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Jiang, Ng, Poh, and Teo (2014) considered the HFTW with a hierarchical objective function that 

minimizes the total number of vehicles and total traveled distance. Each component is multiplied 

by a hierarchical weight in the objective function. The authors developed a two-phase tabu search 

algorithm. In the first phase the algorithm of Lau, Sim, and Teo (2003) is used to handle the 

heterogeneous fleet dimension and a post processing procedure is applied in the second phase. The 

method was tested on randomly generated instances with up to 100 nodes. 

 Wang, Ji, and Chiu (2014) studied the multi compartment HF. The problem arises in many 

practical application, such as the transportation of apparel products with different vehicle types. 

These products have different styles and packages, and are usually jointly delivered in one vehicle. 

Some products are hung on flexible swing rods while others are packed in boxes. In this case, the 

vehicle is reorganized to form multiple separated compartments, one for each product type. The 

authors proposed a reactive guided tabu search algorithm in which the search history is used to 

guide the process, and they solved instances with two different vehicle types and up to 100 nodes. 

Iori and Riera-Ledesma (2015) introduced a variant of the FSM, called the Double VRP with 

Multiple Stacks, which is the one-to-one pickup and delivery VRP with backhaul deliveries. 

Heterogeneous vehicles carry containers divided into stacks of fixed height, the operation of the 

vehicles follows a last in first out policy. The aim is to minimize the total routing cost by 

performing pickups and deliveries while ensuring feasible loading and unloading of the vehicles. 

The authors have developed three models: a three index formulation, and two set partitioning 

formulations using different families of columns. These models were solved by branch-and-cut, 

branch and price and branch and price and cut, respectively. The branch and price and the branch 

and price and cut algorithms performed well when the number of vehicles increased. On the other 

hand, the branch and cut algorithm yielded better quality solutions on in stances with a small 
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number of vehicles. Instance with up to 50 nodes were solved to optimality by the branch and price 

and cut algorithm. 

  Summary 

Tables 2-1  contain a summary of all publications reviewed in this research. These tables contain, 

for each reference, the side problem to the main problem (if any), whether a mathematical 

programming formulation was described (“*” for yes), the solution method.  The  abbreviations  

of  side problems used in Tables 2-1 are as follows: backhauls (BC), carton with a collection depot 

(CCD), deliveries to  plants  (DTP),  green (GR), multi depot (MD),  multi-compartment  (MC), 

multi vehicle task assignment (MV), multi trip (MT), multiple stacks (MS), open (OP), overloads 

(OV), pickup and delivery (PD), single and double container loads (SDC), stochasticity (ST), time 

dependencies (TD), two dimensional loading (TDL), time windows (TW), use of external carriers 

(UEC). The abbreviations of solution methods are as follows: continuous approximation models 

(CA), branch-and-bound algorithm(BB),  branch-and-cut  algorithm  (BCA),   branch-cut-and-

price algorithm (BCP), branch-and-price algorithm (BP), column generation (CG), decomposition 

(DE), heuristic column generation (HCG), integer programming (IP), mixed integer programming 

(MIP), lower bound formulations (LB), set partitioning (SP), valid  inequalities (VI), adaptive 

memory programming (AMP), ant colony optimization (ACO), constructive heuristics (CH), 

iterated local search (ILS), particle swarm optimization (PSO),  population  search  (PS),  scatter 

search (SS), simulated annealing (SA), simulation (SIM), tabu search (TS), threshold accepting 

(TA), variable neighborhood search (VNS). 

 

 

 



23 

Table 0-1 Literature on the FSM. 

Reference Problem Mathematical  
Model 

Solution  
Method 

Golden et al. (1984)   * IP, CT 
Gheysens et al. (1984)   * IP, CT 
Gheysens et al. (1986)   * LB, CT 
Ferland and Michelon (1988) TW * BB, CG, CT 
Desrochers and Verhoog (1991)     CT 
Salhi et al. (1992)   * IP, CT 
Salhi and Rand (1993)   * MIP, CT 
Teodorovic´ et al. (1995) ST   CT 
Osman et al. (1996)     MIP, CT, TS 
Salhi and Sari (1997) MD   CT 
Ochi et al. (1998a)     DE, PS 
Ochi et al. (1998b)     DE, PS 
Gendreau et al. (1999)     TS 
Liu and Shen (1999a) TW   CT 
Liu and Shen (1999b) TW   CT 
Irnich (2000) PD * LB, SP 
Dullaert et al. (2002) TW   CT 
Han and Cho (2002)     CT 
Renaud and Boctor (2002)   * SP, CT 
Wassan and Osman (2002)     TS 
Lima et al. (2004)     PS 
Vis et al. (2005) TW * IP, SIM 
Tavakkoli-Moghaddam et al. (2006) TW * SA 
Yaman (2006)   * LB 
Calvete et al. (2007) TW * MIP, SP 
Dell’Amico et al. (2007) TW * CT 
Dondo and Cerdá (2007) TW, MD * CT 
Bräysy et al. (2008) TW * CT 
Lee et al. (2008)   * SP, TS 
Baldacci et al. (2009)   * MIP, VI 
Belfiore and Yoshizaki (2009) TW, PD * SS 
Brandão (2009)     TS 
Bräysy et al. (2009) TW   CT 
Liu et al. (2009)     PS 
Pessoa et al. (2009)   * BCP 

 



24 

Table 0-1 (continued) 

Reference Problem Mathematical  
Model 

Solution  
Method 

Repoussis and Tarantilis (2010) TW * AMP 
Ceschia et al. (2011) TW * TS 
Prieto et al. (2011) TW   CT, SIM 
Jabali et al. (2012)   * AP 
Xu et al. (2012) TW, MD * VNS 
Belfiore and Yoshizaki (2013) TW, PD * SS 
De la Cruz et al. (2013) TW, OV * ACO 
Franceschelli et al. (2013) MV * CT 
Kopfer and Kopfer (2013)   * MIP 
Kritikos and Ioannou (2013) TW, OV * CT 
Leung et al. (2013) TDL   SA 
Salhi et al. (2013) BC * SP, CT 
Seixas and Mendes (2013) TW, MT * CG, CT, TS 
Dominguez et al. (2014) TDL   CT 
Juan et al. (2014) GR * CT 
Koç et al. (2014) GR * PS 
Kopfer et al. (2014) GR * MIP 
Levy et al. (2014) MD   VNS, SIM 
Moutaoukil et al. (2014) GR   MIP 
Qu and Bard (2014) TW, PD * BCP 
Salhi et al. (2014) MD * MIP, VNS 
Vidal et al. (2014) TW   PS 
Xu and Jiang (2014) MD * SA 
Iori and Riera-Ledesma (2015) MS, PD, BC * BCA, BP, BCP, 

SP 
Dayarian et al. (2015) TW, MD, 

DTP 
* CG, BP 

 

 
Table 0-2 Literature on the HF. 

 
Reference Problem Mathematical 

Model 
Solution Method 

Tarantilis and Kiranoudis (2001) MT   TA 
Prins (2002)     CH 
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Table 0-2 (continued) 

 
Reference Problem Mathematical 

Model 
Solution Method 

Tarantilis et al. (2004) UEC   TA 
Chu (2005)   * IP, CH 
Bolduc et al. (2006)   * MIP, CH 
Gencer et al. (2006) TW   CH 
Yepes and Medina (2006)   * CH, TA 
Bolduc et al. (2007)     CH 
Li et al. (2007)     CH 
Tarantilis and Kiranoudis (2007) PD   CH, TS 
Tavakkoli-Moghaddam et al. (2007) UEC * SA 
Bolduc et al. (2008)   * CH 
Euchi and Chabchoub (2010)   * TS 
Li et al. (2010) BC   AMP 
Tütüncü (2010) TW, MD   CH 
Bettinelli et al. (2011)   * BCP 
Brandão (2011)     TS 
Potvin and Naud (2011) OP * TS 
Li et al. (2012)     AMP, TS 
Naji-Azimi and Salari (2013) TW, BC * CH 
Belmecheri et al. (2013) GR * PSO 
Kwon et al. (2013) SDC * MIP, TS 
Lai et al. (2013)   * CH 
Liu (2013) PD * PS 
Qu and Bard (2013) TW, MD, 

TD 
* CH 

Afshar-Nadjafi and Afshar-Nadjafi 
(2014) 

TW, MD, PD * MIP, CH 

Bettinelli et al. (2014) TW * BP 
Jiang et al. (2014) MC * TS 
Wang et al. (2014) OP * TS 
Yousefikhoshbakht et al. (2014) CCD, PD   AMP, TS 
Yao et al. (2015) MT * PSO 
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Table 0-3 Literature on the FSM and HF. 
 

Reference Problem Mathematical 
Model 

Solution Method 

Taillard (1999)   * HCG,IP 
Choi and Tcha (2007)   * IP,CG 
Paraskevopoulos et al. (2008) TW   TS 
Baldacci and Mingozzi (2009)   * LP,SB 
Imran et al. (2009)     VNS 
Prins (2009)     LP 
Baldacci et al. (2010a)   * SP 
Duhamel, Lacomme, and Prodhon 
(2012) 

    PS 

Subramanian et al. (2012)   * SP,ILS 
Penna et al. (2013)     ILS 
Koç et al. (2015) TW   PS 

 

  Research gap 

According to these tables there are not any effort to take into account the parameter uncertainty in 

a green HFVRP problem in presence of time windows. This thesis tries to fill the gap. To the best 

of author’s knowledge and according to the reviewd literature there are many heuristics and meta 

heuristics to solve the problem, optimally but none of them have used HICA as a tool to reach 

optimality. In this thesis we want to implement an improved imperialist competitive algorithm to 

solve the problem in an efficient way. 
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CHAPTER THREE 

MATHEMATICAL MODEL 

  Modelling Definition 

In this thesis a new mathematical model will be proposed to design a robust GHVRP with time 

window consideration and under parameter uncertainty. In order to cope with uncertainty in 

proposed model a robust optimization approach will be implemented. Also because of complexity 

of proposed model a new improved imperialist competitive algorithm (hybrid) will be applied to 

solve the model in an optimal and less computational effort manner.  

 Numerical instances will be generated. Also the MATLAB software will be implemented to code 

the mentioned HICA meta heuristic.  

The GVRP is defined on a complete directed graph G = (N, A), where "0" cN N  is the set of 

nodes, “0” corresponds to the depot, 1 2 3{ , , ,..., }c cN n n n n  is the customer nodes, and

{( , ) : , }i j i jA n n n n N  } is the set of arcs that connect nodes in N. An unlimited number of 

homogeneous vehicle fleet is available at the depot to serve customers. Each arc ( in , jn ) ∈ A is 

associated with a nonnegative distance iid , travel time iit . Each node is associated with a service 

time pi, which represents the service time at the customer node and. The depot can serve as a 

customer station and all other stations are considered to have unlimited capacities. There exists a 

time horizon ( maxT ) which establishes the duration of a workday. Figure 3-1 displays a basic VRP 

problem and its possible solution.  

The problem is to determine the corresponding vehicle routes so as to minimize the total cost 

subject to the following assumptions: 
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 Each vehicle is used for at most one route. 

 Each route starts and ends at the depot. 

 Each customer is served by exactly one vehicle. 

 Supplying material at the vehicle’s tank must be greater than or equal to the demand value 

between any two nodes. 

 The amount of supplying material in a vehicle’s tank is sufficient to be able to visit between 

any pair of nodes. 

 The duration of the route assigned to a vehicle cannot exceed maxT . 

 A fleet of heterogeneous vehicles with different capacities and different travel costs is 

available to serve the transportation requests. 

 Travel time between nodes is as a function of departure time. 

 The vehicles don’t return to a basic depot. 

 There are a certain maximum number of vehicles in depots. 

 All nodes should be served during a specific time window. 

 

 

 

 

 

 

 

 

Figure 0-1 an Instance of a VRP (left) and Its Solution (right) 
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 Mathematical Model 

The mathematical model proposed in thesis is based on the mentioned assumptions and includes 

following items:  

Notation  

Indices and their relative upper bounds 

N Set of nodes of graph which is for representing the locations, indexed by i and j 

A Set of routes between nodes 

W Set of depots nodes ( , , 1,..,V N i j m  ) 

V Set of customer nodes ( , , , , 1,...,V N V W V W N i j m n       ) 

F Set of heterogeneous vehicles ( 1,..,k K ) 

P Number of different vehicles.  

Q Maximum number of vehicles in each depot. 

I Set of time intervals, indexed by 1,..,u U  

Input parameters: 

iq  Demand value of customer i 

iS  Service time of customer i 

 ,i ia b  Time window of customer i 

kC  Capacity of Vehicle k 

kCF  Fixed cost of Vehicle k 

ku
ijCo  Co2 generated by Vehicle k in travelling between nodes i and j in time interval of u 

kCV  Variable cost of vehicle k 

ijd  Distance between nodes i,j 
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k
ijc  Travel cost between nodes i and j with vehicle k (

k
ij ij kc d CV ) 

k
ijt  Uncertain travel time between nodes i and j with vehicle k (this parameter is considered to 

have an uncertain value) 

uT  Upper limit of u’th time interval 

Decision variables: 

1; if vehicle  travel between nodes  and  in time interval 
0;

ku
ij

k i j u
X

Otherwise


 
  

1; Service start time of customer  visited by vehicle 
0;

k
i

i k
Y

Otherwise


 
  

Objective function and constraints  

The mixed integer nonlinear mathematical model for the CMS design is presented as follows: 

min Model1   

1 1 1 1

K b U n
k ku
ij ij

k j u i
C X

   


 

1 1 1 1

K n U m
ku

k ij
k j m u i

cf X
    

  
 

1 1 1 1

K n U m
ku ku
ij ij

k j m u i
Co X

    

  
 

 

 (1a) 

 

(1b) 

 

(1c) 

Subjected to:  
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K U
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ij

k u
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K U
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1 11
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n U
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U U
ku ku
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1 11 1
1,... ; 1,... ;

U U
ku k ku

i ji i i rj
u u

n n

j j
a X y b X k m i m n

  

        
 

(8) 

( ) (1 ) 1,... ; 1,... ;k k k k ku
i i ij i i j jiy s t y s y M X k m u U           

(9) 

(1 ) 1,... ; 1,... ;k ku
i i u jiy s T M X k m u U         

(10) 

 

1 1,... ; 2,... ;k ku
i i u jiy s T X k m u U       

(11) 

 

1 1 1
1,... ;i k

n n U
ku
ij

i m j u
q CX k K

   

   
 

(12) 

 

The objective functions described by equations 1a and 1b are to minimize the total cost of the 

heterogeneous fleet vehicles. Actually, the equation (1a) is to reduce travel cost between nodes i 

and j using vehicle k. Equation (1b) minimizes the fixed cost of using vehicle k and the term (1c) 

is to minimize the Co2 generated by all vehicles during the travels. In fact, using equations (1a) 

and (1b), an optimal routing for each vehicle should be determined from the cost viewpoint. 

Furthermore, the equation (1c) considers the green aspect of the problem. A vehicle with the 
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minimum value of CO2 emissions should be selected during a visit.   

Equations for constraints (2) and (3) guarantee that each customer to be served only and only once. 

Each and every customer should be served in a VRP problem.  

Equations (4) and (5) allow vehicles to remain in depots if they are not scheduled to be 

implemented. These constraints are logical because we do not need the transportation of 

unbeneficial vehicles between nodes and should remain in the last depot they have visited.  

Moreover, equation (6) states that the maximum number of vehicles in each depot is restricted on 

a certain value.  

Equation (7) forces the vehicles to end their tours only and only at the depot. A vehicle can be 

stopped only in a depot. This is because of some reasons like the maintenance process. 

Also equation (8) is for satisfaction of time windows condition. In other words, the service start 

time of a customer by a vehicle, should be located in the time window of using the corresponding 

vehicle between nodes.   

Equation (9) states that service start time should be set regarding to travel time between customers 

(M is a large positive value). Equations (10) and (11) preserve the relation between service start 

times and time intervals. Finally, equation (12) guarantees that the maximum vehicle capacity to 

be satisfied. 

Also in this mathematical model 𝑡𝑢𝑘 is considered as an uncertain parameter and a robust model 

based on the research proposed by Bertsimas and Sim (2004) will be proposed to cope with this 

kind of uncertainty. However, by mentioned method some other parameters could be considered 

to have an uncertain nature. The considered robust approach is described can be described as 

follows: 
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  Robust Optimization Approach 

In recent years, dealing with uncertain data is a major challenge in optimization. One approach to 

address data uncertainty is developed under the name of robust optimization, which means finding 

a solution that can cope best with all possible realizations of the uncertain data. Various approaches 

of robust optimization are developed. Idea behind robust optimization is to consider the worst case 

scenario without a specific distribution assumption. The roots of robust optimization can be found 

in the field of robust control and in the work of Soyster considered a deterministic linear 

optimization model, which is feasible for all data lying in a convex set. However, the model is 

very conservative and is protected against the worst case scenario.  

While, aforementioned studies are based on ellipsoidal uncertainty or box uncertainty sets, 

Bertsimas et al. approach is adopted according to following justifications: 

1. The robust optimization (RO) model of Bertsimas is more tractable than RO frameworks 

with ellipsoidal uncertainty sets. A robust counterpart of a model considering uncertain linear 

programming (LP) with ellipsoidal uncertainty sets is solved in form of a second order conic 

programming (SOCP). While the robust counterpart of this model with polyhedral uncertainty sets 

remains in form of a linear programming. Besides, obtaining a solution from SOCP as a nonlinear 

model is more difficult than LP. Then, it is not particularly attractive for solving robust discrete 

optimization problems. 

2. Although, RO’s tractability in the model based on the both polyhedral and box uncertainty 

sets are equal (i.e., the robust counterpart of an uncertain LP model is in form of LP), RO with a 

polyhedral uncertainty set handles uncertainties more flexibility than RO with a box uncertainty 

set (e.g., Soyster’s RO). Since RO with polyhedral uncertainty offers can assign each conservation 

level to each uncertainty; while, RO with a box uncertainty assigns only one conservation level to 
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all uncertainties of each constraint. 

3. Bertsimas approach permits to control the conservatism level of the solution. Solutions 

obtained from robust optimization approach guarantees more situations even worst ones. The 

important concern of the robust methodology in this paper is to present an optimal planning that 

is robust with regard to data uncertainties in product processing time. The deterministic compact 

form of the model can be rewritten as follows: 

.TMin c x  

s.t: 

.A x b  

lb x ub   

 

Suppose that only matrix A= ,( )n ja  elements are subjected to data uncertainty, the RO methodology 

models data uncertainties through bounded intervals designated as uncertainty set. Therefore, the 

matrix A’s uncertain elements can be defined using the mean value and range of each uncertain 

element as follows: 

, , , ,, ,, .n j n j n j n jn j n ja a a a a a A    
   

A number named conversion level (CL), symbolized by n  (n= 0,1,…,CN) is introduced for 

robustness intentions and adjusting the robustness level which adopts different values in the 

interval 0, nJ   , where Jn is a set comprises uncertain elements of the thn  constraint

,n jnJ j a    , therefore the robust counterpart of problem  which is nonlinear can be written as 

follows: 
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Min .Tc x  

s.t: 

, .n j j
j

a x
  

 , ,
, , \
max . . .n tn

n n n n n n n nn n

n j n tj n n
S t S J S t J S j S

a x a x
       

  
       

  


nb n   

lb x ub   

 

By applying the linearization technique for nonlinear term (28), we have: 

.TMin c x  

s.t: 

, ,. .
n

n j j n n n j n
j j J

a x z p b n


     
 

,, . ,n jn n j j nz p a y n j J     

j j jy x y j     

j j jlb x ub j    

0nz n   

, 0 ,n j np n j J    

0jy j   

 

Now, a robust model can be developed by introducing a set of symmetric bounded intervals which 

represent the uncertainty of the product processing time as follows: 

 

, , ,, ,, , ,
h hh h h

i m i m i mi m i mt t t t t h i m    
    

 

Therefore, the robust counterpart of the proposed model is as follows: 



36 

 

min Model1   

1 1 1 1

K b U n
k ku
ij ij

k j u i
C X

   


 

1 1 1 1

K n U m
ku

k ij
k j m u i

cf X
    

  
 

1 1 1 1

K n U m
ku ku
ij ij

k j m u i
Co X

    

  
 

 

 

(1a) 

(1b) 

 

(1c) 

 

Subjected to:  

1 11
1 1,... ;

K U
ku
ij

k u

n

i
X j m n

 

   
 

 (2) 

1 11
1 1,... ;

K U
ku
ij

k u

n

j
X i m n

 

   
 

 (3) 

1 11
1 1,... ;

n U
ku
ij

j m u

m

i
X k K

  

   
 

 (4) 

1 11
1 1,... ;

m U
ku
ij

j u

n

i m
X k K

  

  
 

 (5) 

1 11
1,... ;

K U
ku
ij

k u

n

i m
X Q j m

  

  
 

(6) 

1 11 1
1,... ; 1,... ;

U U
ku ku
ir rj

u u

n n

i j
X X k m r m n

  

       
 

(7) 

1 11 1
1,... ; 1,... ;

U U
ku k ku

i ji i i rj
u u

n n

j j
a X y b X k m i m n

  

        
 

 (8) 

( ) (1 ) 1,... ; 1,... ;k k k k ku
i i ij i i j jiy s t y s y M X k m u U           

(9) 



37 
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In this model, the equation (9) is subjected to the uncertainty and should be linearized by the 

mentioned method. So this constraint can be replaced by:  
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(13) 

i, j i, j , , , , ,( ) .k k
ij i i i j h m h m i jt y s z p t       

(14) 

i, j ,
ˆ . , ,k k

i j ij ijz p t y j i k    (15) 

( ) , ,k k k
ij i i ijy y s y i j k      (16) 

0 , ,k
ijy i j k   (17) 

i, j 0 ,z i j   (18) 

, 0 ,i jp i j   (19) 

 

Also since the proposed mathematical model is consists of dissimilar cost functions, a LP-metric 

approach is taken into account to overcome this obstacle: 

Generally, LP-metric method provides a broader principle of compromise for solving multiple 

criteria decision making problems. It transfers m objectives (criteria), which are conflicting and 

non-commensurable into one objective through normalizing the objectives and Pareto optimal 

solutions can be obtained using the single aggregated objective function. Consider the vector of 
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objective functions as 1 2( ) ( ( ), ( ),.., ( ))nF x f x f x f x  and the ideal vector of these functions as 

* * *
1 2*( ) ( ( ), ( ),.., ( )) nF x f x f x f x  and also the anti-ideal vector of objective functions as

1 2( ) ( ( ), ( ),.., ( ))    nF x f x f x f x , where 
*( )if x  and ( )if x

 are positive and negative ideal 

solutions for i'th objective function, respectively. LP-metric defines the distance between two 

points ( )F x  and *( )F x  according to the Eq. (20). Actually in order to commensurate the units 

of objective functions this metric can be used: 

 

1*

*
1

( )( ( ) ) , 1, 2,..
n

p pi i
i

i i i

f f xD p
f f







 




 

(20) 

 

Where i  is the importance weight of the objective function i. The overall goal is to minimize 

distance function (D) according to problem constraints and find the Pareto optimal solutions.  

During the next chapters we want to answer the following questions:  

1- What is the best route for each product to serve a customer in a fast and inexpensive way? 

2- Can proposed method obtain good solution in comparison to the existing methods? 

3- How the uncertainty affects the optimality? How we can control the parameter uncertainty 

to avoid bad managerial decisions? 

4- How a manager can use the proposed model to decide optimally about the logistic and 

products shipment plans? 

5- What nodes should be considered as depots and which vehicles must be implemented to 

serve customers? 
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6- What is the impact of green gasses on model and solution performance? How we can 

reduce the pollution in a VRP
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4- CHAPTER FOUR 

IMPERIALIST COMPETITIVE ALGORITHM TO SOLVE GVRP 

  Introduction  

Optimization is a main concept that concerns many engineers in recent years in order to find 

methods to optimize the problems in an efficient way. However, in today’s industrial competitive 

environment there are many factors that should be optimized simultaneously and this situation 

results in a condition in which finding the optimal solution in a reasonable computational time is 

almost intractable. Hence, proposing new optimization methods which can reach the best solution 

in an acceptable computational time is the goal of related researches and studies. In recent years 

many heuristic and meta-heuristic algorithms have been proposed to satisfy it, for example 

simulated annealing (SA) which has been widely used and its inspiration source is metal molecular 

behavior in annealing process, or Genetic Algorithm (GA) that was originally inspired by Darwin's 

theory of evolution in genetic inherencies, the other well-known meta-heuristic is Ant Colony 

(ACO) which inspired by ants’ behavior in a colony to reach their food in a shortest path.  

Actually, meta-heuristic algorithms search the solution space more quickly than the other 

heuristics and can obtain the optimal or at least close to optimal solution in a reasonable 

computational time almost in NP-hard problems and this is the main reason for their 

implementation. Meta-heuristic algorithms can be classified from three main points of view:  

 Evolutionary or non-evolutionary. 

Evolutionary algorithms start with a population of solutions and calculate a fitness score for each 

solution based on the objective function. In each iteration the meritorious solutions are selected to 

produce the next iteration’s initial population. This searching procedure causes them to be more 

effective than other non-evolutionary such as SA. For instance, GA and ACO are classified into 
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the evolutionary algorithms. However, non-evolutionary algorithms almost consider a single 

solution and start searching in its neighborhood until the stop criterion will be satisfied. 

  Inspired by a nature phenomenon or not. 

Although most of meta-heuristics such as GA, SA, or ACO are inspired by natural phenomenon, 

however some of meta-heuristics such as tabu search (TS) are not proposed as described. 

 Some algorithms have the memorizing characteristic and can save a solution or solution 

space region that is desirable or undesirable to the decision maker. A good example for this 

category is TS algorithm. 

Many studies have been conducted in biological phenomena inspired meta-heuristics area. Two 

initial main instances are GA which its mutation operators are inspired by the biological analogy 

and ACO that its main procedure is inspired by the biological behavior of real ants which exude 

pheromones for their communication. Some other bio-inspired algorithms which recently have 

been developed are artificial immune systems (AIS) that the human body’s immune system is their 

main inspiration source  and bacterial foraging optimization algorithm (BFOA) which proposed 

by Passino and has been inspired by foraging of Escherichia coli (E-coil) bacteria lives in human’s 

intestines. 

In this research, a modified version of imperialist competitive algorithm has been proposed as a 

problem optimization tool. The rest of this paper is organized as follows: ICA basic concepts are 

briefly described in the next section. Proposed ICA and its parameters will be discussed in details 

in the third section. Some numerical examples taken from the literature will be used for confirming 

the proposed method in chapter 4. Finally, the concluding remarks and future research directions 

are given in chapter 5. 
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 Genetic Algorithm 

Genetic algorithms are adaptive heuristic search algorithm based on the evolutionary ideas of 

natural selection and genetics. As such they represent an intelligent exploitation of a random search 

used to solve optimization problems. Although randomized, GAs are by no means random, instead 

they exploit historical information to direct the search into the region of better performance within 

the search space. The basic techniques of the GAs are intended to simulate processes in natural 

systems required for evolution, especially those follow the ideologies first laid down by Charles 

Darwin of "survival of the fittest”. Since in nature, competition among individuals for scanty 

resources consequences in the fittest individuals dominating over the weaker ones. 

GAs simulate the survival of the fittest among individuals over consecutive generation for solving 

a problem. Each generation consists of a population of character strings that are analogous to the 

chromosome that can be seen in a DNA. Each individual denotes a point in a search space and a 

possible solution. The individuals in the population are then made to go through a route of 

evolution. 

Basic foundations of a GA are as follows: 

 Individuals in a population compete for resources and mates. 

 Those individuals most successful in each 'competition' will yield more offspring than 

those individuals that perform poorly. 

 Genes from `good' individuals propagate throughout the population so that two good 

parents will sometimes produce offspring that are better than either parent. 

 Thus each sequential generation will become more suited to their environment. 

Search Space 

A population of individuals are being maintained within search space for a GA, each of them 
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representing a likely solution to a given problem. Each individual is coded as a finite length vector 

of components, or variables, in terms of some alphabet, usually the binary alphabet {0, 1}. To 

continue the genetic analogy these individuals are equated to chromosomes and the variables are 

analogous to genes. Thus a chromosome (solution) is composed of several genes (variables). 

A fitness score is assigned to each solution representing the abilities of an individual to `compete'. 

The individual with the optimal (or generally near optimal) fitness score is sought. The GA aims 

to use selective `breeding' of the solutions to produce `offspring' better than the parents by 

combining information from the chromosomes. 

The GA continues a population of n chromosomes (solutions) with associated fitness values. 

Parents are selected to mate, on the basis of their fitness, producing offspring via a reproductive 

plan. Consequently, highly fit solutions are given more opportunities to reproduce, so that 

offspring inherit characteristics from each parent. As parents mate and produce offspring, room 

must be made for the new arrivals since the population is kept at a static size. Individuals in the 

population die and are replaced by the new solutions, eventually creating a new generation once 

all mating opportunities in the old population have been exhausted. In this way it is hoped that 

over successive generations better solutions will thrive while the least fit solutions die out. 

New generations of solutions are produced containing, on average, better genes than a typical 

solution in a previous generation. Each successive generation will contain better `partial solutions' 

than previous generations. Sooner or later, once the population has converged and is not producing 

offspring noticeably different from those in previous generations, the algorithm itself is said to 

have converged to a set of solutions to the problem at hand (Winter et.al, 1996). 

 Imperialist Competitive Algorithm 

Imperialist competitive algorithm is an evolutionary algorithm which is proposed by Atashpaz-
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gargari and Lucas (2014).This algorithm is a new meta-heuristic evolutionary algorithm which 

starts with a population of solutions, any of them called a country. These countries divided into 

two basic groups. The best solutions or the powerful countries become the imperialists and the 

colonies consist of the rest of solutions.  

Actually this algorithm obtains the optimal solution or at least close to optimal solutions by means 

of two competition processes. 

In order to create a competitive environment, the colonies should be assigned to imperialists based 

on their power index. One imperialist with its colonies is called an empire. After dividing countries 

into empires based on their normalized power two mentioned competitions should be started.   

4.3.1  Inner Competition 

In real world, it is obvious that every country even the weak one wants to become a powerful 

country in its competition region. For instance, in Europe continent we can say England was an 

imperialist and some other Asian or African countries were its colonies (India for example). In 

each empire it is preferable that the colonies move towards the imperialist in order to bring up their 

political or economic independencies. By these considerations, in ICA this process constructs the 

algorithm neighborhoods; hence, we can explore the solution space by this strategy.  

4.3.2.  Outer Competition 

The basic competition in each of iterations is between the empires where imperialist wants to take 

possession of others colonies. And after some iteration the weak imperialists will collapse and at 

the end of the algorithm only the powerful empire will be remained and the remained imperialist 

is the optimal or at least near optimal solution. 

In each of iterations, the weakest empire is selected and its weakest country is assigned to other 

empires. 
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4.3.3. Traditional ICA Parameters 

Each country is evaluated by a fitness function. Nevertheless, this function should be normalized 

in order to choose the powerful and weak empire in the solution space. The normalized power of 

a country is calculated by equation 21. 
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(21) 

Where 

Di: The power of the country i evaluated by the objective function. 

n_imp: The initial number of the imperialists in the world or in the solution space. 

To start the outer competition, the total power of an empire should be determined firstly using the 

equation 22. 
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Where ‘ε’ is a coefficient indicates the colonies participation proportion in the empire power. And 

the normalized total power of an empire is determined by equation 23. 
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The second step is determining the possession probability of each empire according to the equation 

24. 
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 Hybrid ICA 

The main contribution of this thesis is modifying the inner competition of original ICA, in which, 
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all the colonies of an empire move towards the imperialist. In this research we divide the colonies 

of an empire into groups with four colonies. In each group a meritorious country should be selected 

and other members of group move towards this powerful country. This strategy is realized from 

the fact that even in real world the weak countries are constantly trying to be a powerful country 

in their neighborhood and not in all the empire. In other words, the countries have pragmatic views 

and want to gain the power step by step. Figure 4-1 illustrates the proposed methods inner 

competition process and how each country is competing in neighborhood.   

 

 

 

 

 

 

 

 

Figure 4-1 Schematic View of Proposed Method 

 
By considering the figure 4-1, in original ICA presented before, colony 1 and colony2 should be 

move towards the imperialist. But in proposed method the colony 1 moves towards the colony 2 

which is powerful than the first. However, colony 2 moves toward the imperialist. 

This process has a good advantage. By using this method, the solution space can be searched more 

efficiently.  

The proposed ICA pseudo code can be described as follow: 

 

Colony 1 

 

New Position of 

Colony 1 

Colony 2 

New Position of Colony 2 
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1- Start 

2- Create the initial population randomly. 

3- Select the ‘n_imp’ best strings as the imperialists and construct the empires. 

4- Divide the rest of strings (countries) between the empires based on their normalized 

power. 

5- If only one empire remains, go to step 8. 

6- Start the inner competition: 

- Divide each empire to groups with four countries. 

- Apply the crossover operator to each group. 

7- Start the outer competition: 

- Find the weakest empire based on the total normalized power of the empires.  

- Find the worst country in selected empire and release it from that country. 

- Form the vector “P” consists of the possession probability of each empire 

- Form the vector “E” with the same size of “P” vector and create the elements of “E” 

between zero and one randomly. 

- Form the vector R as R=P-E. Find the maximum element of R and save its index. 

- Select the empire of recognized index.  

- Assign the released country to this empire. 

- Go to step 5. 

8- End; 

 

 Applied ICA 

In this thesis this algorithm is implemented to solve a discrete problem, i.e. GVRP. So it is required 
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to change it to be compatible with the original problem. The main differences are as follows: 

 The inner competition is based on operations like those which are applied in Genetic 

algorithm (crossover and mutation).  

 The power of a country is based on its objective value.  

 Each country is coded with a discrete string which will be explained later.  

Based on the problem described in previous chapter, a solution should be coded as a string. There 

are a lot of ways to do this. Actually the model optimality and efficiency is strictly depending on 

the coding method of the problem. So in this thesis we have used a one row string to show a 

solution. For example: 

Consider a problem with 9 customers indexed by 1-9, 3 depots indexed by 10-12 and 3 vehicles 

indexed by 13-15. A solution representation of the problem is:  

5 14 6 15 8 14 3 13 9 13 2 14 1 14 4 14 7 14 

 

In this string the odd cells are related to customers and even cells are for vehicles. For example, 

customers 3 and 9 are served by vehicles 13 and so on.  

Based on the assumptions stated in previous chapter a vehicle can serve the customers with two 

constraints:  

 The time interval of the customer.  

 The demand value of the customer. 

These two constraints should be satisfied and by this solution representation it can be achieved 

more easily. By introducing the solution representation, the model coding process can be explained 

in more details:  

The code is written using the MATLAB software on a core i7 PC with 24 GB Ram. 



49 

At first, the problem parameters are defined. As stated previously, the problem is consisting of 9 

customers, 3 depots and 3 vehicles. Other required parameters are: demand value, distance 

between nodes, CO2 emission of the each vehicle in each route based on the distance, travel time 

between nodes, customers’ time window to receive the demand, each vehicle capacity and fixed 

implementing cost. These parameters are introduced at first. Also the population size of the 

solutions (countries) is equal to 500, the algorithm total iteration (𝑛𝑖) is 300 and the countries 

sharing rate in an empire power estimation is equal to 0.9.    

Then the initial population should be generated based on the stated solution representation. 500 

random solutions are generated without consideration of their feasibility. Then the algorithm will 

be started by “tic” command which starts to count the computational time. Also some blank 

matrixes are defined to be used later (i.e. n_cost, p_total…).  

Capacity control of generated solutions is performed using a string of commands. In this problem 

it is assumed that a vehicle can be used only once. So if a vehicle can’t serve any customer in its 

route because of the capacity limitation, it should travel to the nearest depot and stay there. “𝐾𝑚” 

shows the beginning node of each vehicle which should be updated during this step.  

Also the time windows constraint is checked by following commands. Like the demand constraint, 

if a vehicle could not serve a customer based on the time limitation, should travel to a destination 

depot and the “𝐾𝑚” vector will be updated.   

%time window constarint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 
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            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2)-1 

                    kk=kk+time(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                    if kk>ti(pp(j,r1(jj)+1)) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(m); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(3); 

                            km(k)=ND(r2(1) 

Now there is a feasible population which its countries power should be estimated. The objective 

value for each country shows its power in an empire. The objective function includes:  

 The fixed cost of using a vehicle.  

 The variable cost of using a vehicle based on the distance between nodes.  

 A cost occurred by CO2 emissions.  

Then the population countries will be sorted based on their power and the world will be divided 

into “m_imp” empires. The most powerful countries will be the imperialists and other countries 

will be divided to these empires, randomly.  

As mentioned previously, one of the main contribution of this thesis is clustering solutions which 

leads to better exploration of the solution space and also better convergence of the model. So in 

this code and in inner competition, in each empire all countries will be divided into groups with 4 
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countries. In each group the crossover and mutation operations are applied to generate new 

solutions. 4 different crossover and mutation methods are implemented in this code: 

 Flip the best answer customers. 

 Replace the best string vehicle order into the new solution. 

 Replace a random string of customers from the best string into the 3’rd solution.  

 The 4 solution will be replaced with a new random generated solution (in order to save the 

convergence of the algorithm). 

It is worthy to be mentioned that in the traditional ICA, all solutions (countries) in an empire will 

be subject to changes based on these operations and the imperialist and not in a subgroup.   

Since the solutions are changed they may lose their feasibility. Hence, the capacity and time related 

constraints should be checked again. The solutions with an infeasibility will endure a large cost 

penalty to avoid them to be selected as an optimal solution. Finally again the cost of feasible 

solutions will be calculated based on the mentioned terms.   

The outer competition between empires will be conducted using the following commands by the 

following algorithm: 

 Sorting the countries based on their power.  

 Determine the empire power and normalize it.  

 Find the weakest empire and its weakest country. 

 Assign this country to the powerful empire.  

 Eliminate the collapse empire from the competition. 

Finally, the algorithm stopping criteria will be examined. Two kind of stopping criteria are taken 

into account:  

1. Collapsing all empires except one.  
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2. Total algorithm iteration limitation (“ni”)  

 Numerical Illustration  

In order to verify the applicability and performance of the proposed model and algorithm, some 

numerical examples are generated randomly and solved by MATLAB optimization package. 

Table 4-1 shows the input parameters of proposed instances:  

Table 4-1 Numerical examples information 

Instance Number of 
Customers 

Number of 
Depots 

Number of Vehicles 

1 9 3 3 

2 12 5 3 

3 12 5 5 

4 15 5 7 

5 20 7 9 

6 20 9 9 

7 20 11 10 

8 20 15 15 

9 25 15 15 

10 30 15 15 

 
In order to evaluate the proposed algorithm performance, it is compared to a traditional genetic 

algorithm and the traditional ICA.  GA is one of the most applied algorithms in VRPs, therefore, 

comparing the new method with it can give a decent insight to the capabilities of HICA. Table 4-

2 and Figure 4-1 reports results of this comparison.  
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Table 4-2 Results Comparison 

Instance Objective Value Computational Time (s) 

 HICA TICA GA HICA TICA GA 

1 70 100 100 16 26 46 

2 70 140 140 21 34 76 

3 80 140 100 21 36 92 

4 80 100 90 24 34 116 

5 20 30 65 28 41 187 

6 20 30 40 33 46 190 

7 95 125 100 42 66 187 

8 110 140 250 65 138 198 

9 250 260 265 105 163 236 

10 180 205 200 99 176 217 

 
Based on this table, the proposed hybrid algorithm can find the optimal solution in a less 

computational time in comparison to traditional ICA and GA. Even, in some cases two compared 

algorithms cannot find the optimal solution. Moreover, the objective value calculated by HICA is 

never more than those calculated by GA and TICA. 
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Figure 4-1 Objective Value Comparison  

Moreover, in order to take into account, the parameter uncertainty, the vehicle capacity parameter 

values are changed between their lower and upper values. The comparison results for instance 1, 

between HICA and TICA is reported as in Table4- 3. 

 
Table 4-3 Changing in Capacity Values vs. Objective and Runtime Values 
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As it can be inferred from Table 4-3 the proposed solution approach can obtain the optimal solution 

by any changes in parameter values.  

The parameters in this model are generated by a normal distribution function. If the distribution 

function will be changed (for example to a Poisson distribution form), the proposed solution 

approach can reach the optimal solution irrespective of the probability distribution function. For 

example, when the Poisson function is implemented to generate the random demand parameter 

values, the objective function value only is changed from 70 to 140 for instance 2. In Matlab 

optimization package, the following command is used to do this: 

x2 = random('Poisson',1:12,1,12) 

 However, even changing in PDF, the HICA can find the optimal solution by less computational 

time effort. 

Figure 4-2 shows a schematic view of solution obtained for instance 3. The solution for this 

instance is as follow: 

Customers 3 6 12 5 2 11 7 8 9 4 1 10 

Vehicles 18 19 20 21 

The correct way to interpret the output of these algorithm is as following: after running the model 

for each scenario, the results will be generated as two strings of numbers. The first row is the node 

and lower row is the vehicle serving those node. In this instance, vehicle number 18 starts from its 

depot and visits customers 3, 6, 12 and 5. As it is clear from the solution, the vehicle 22 is not 

applied in this instance. This is because of its high cost value and CO2 emissions. 
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Figure 4-2 Schematic View of Solution Obtained For Instance 3.   

As discussed previously, the objective value in this problem is the product of three indicators 

including: distance, fixed cost of the vehicle and the amount of gas emission. In order to investigate 

the contribution of each factor in the objective value, a few of instances were broken down. Since 

the fixed cost of the vehicles in fleet is not the main concern of a GVRP, it has been excluded from 

this investigation. Table and Figure 4-3 report details of 4 first instances from the objective value 

viewpoint.  
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Table 4-4 Detailed Objective Value for 4 First Instances 

 HICA TICA 

Instance Co2 

Emission 

Distance Travelled Co2 

Emission 

Distance Travelled 

 1 40 60 40 70 

 2 35 40 70 85 

 3 45 35 80 90 

4 40 40 60 95 

 

 

 

Figure 4-3 CO2 Emission Comparison  

In another effort to assess the proposed algorithm, 5 different constraints have been changed to 

investigate the impact of each on the objective value. Each constraint has been changed in a range 
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from -50% to +400%. Following is the result of these changes and their impact on the objective 

value. 

To begin with, the customer demand value as one the key components of the problem was changed 

between the above mentioned values and the objective value was calculated for each change. Table 

4-5 and Figure 4-4 reports the results.  

Table 4-5 Impact of Change in Customer Demand Value on Objective Value 

Customer Demand value 

Changing Rate (%) Objective value 

-50 157 

+50 6856 

+100 7286 

+200 400 

+300 7500 

+400 7650 

 

 

 

 

 

 

 

 

 

 

 



59 

 

Figure 4-4 Impact of Change in Customer Demand Value on Objective Value 

Since the CO2  emission is a contributing factor in the objective value, as expected, increase in 

customers’ demand will lead in increas in objective value. This corelation can be due to a few 

reaosns. First, by increasing the customers’ demand value the load that the vehicle has to transfer 

increases, thus, the emmision will increase as well. Secon reason is that by increasing the demand 

some of the samller vehicles with lower fixed cost cannot be used due to the fact that each customer 

should be served by only one vehicle. It should be noted that the trend in objective value increase 

is not always steady. Considering the ranomized essence of this algorithm, the very few instances 

like this can be ignored. 

The next constraint to be modified is the time window. The changes in time window does not lead 

into a clear trend in the objective value’s increase or decrease. A decreasing trend can be observed 

in most of the changes, but as seen in Figure 4-5 and Table 4-6 doubling the time window from 

100% to 200% cause an unexpected increase in objective value. The impact of time window on 
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the objective value could be investigated in more details in future research.   

Table 4-6 Impact of Change in Time Window on Objective Value 

Time window (Time For Service Received) 

Changing Rate (%) Mean Objective value 

-50 7475 

+50 7200 

+100 7200 

+200 7573 

+300 7490 

+400 7430 

 

 

Figure 4-5 Impact of Change in Time Window on Objective Value 

7475

7200 7200

7573

7490

7430

7000

7100

7200

7300

7400

7500

7600

7700

-50% 50% 100% 200% 300% 400%

Objective value



61 

Traveling time between nodes is the next constraint that was investigated. The correlation between 

travelling time between nodes and the objective value is shown in Figure 4-6 and Table 4-7. It 

indicates that by increasing the allowance of the traveling time the objective value will relatively 

increase. Since the distance between the nodes is one of the direct contributors to the objective 

values, any changes in it is expected to change the objective value.    

 
Table 4-7 Impact of Change in Travel Time on Objective Value 

Travel Time Between Nodes 

Changing Rate (%) Mean Objective value 

-50 7414 

+50 7580 

+100 8085 

+200 7630 

+300 7435 

+400 7825 
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Figure 4-6 Impact of Change in Travel Time on Objective Value 

The results of changing the vehicle capacity and its impact on objective value is shown in Table 4-8 

and Figure 4-7. The increase in the capacity of the vehicles lead to lower objective value. This 

correlation can be interpreted as following: we know that there is a fixed cost associated to each 

vehicle regardless if it is being used or not. By increasing the capacity of the vehicles more 

customers will be served with the same vehicle, therefore the fleet can be smaller in number of 

vehicles. The fixed cost of the fleet which is one the direct contributors of the objective value can 

be avoided.  

Also, by increasing the capacity of each vehicles we will be able to decrease the number of travels 

back to the depot to replenish the load or fuel tank. Although, it should be noted that in some cases 

if the load of the vehicle is too much it can result in more emission. 
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Table 4-8 Impact of Change in Vehicle Capacity on Objective Value 

Vehicle Capacity 

Changing Rate (%) Mean Objective value 

-50 7130 

+50 7483 

+100 7200 

+200 7153 

+300 7056 

+400 6845 

 

 

Figure 4-7 Impact of Change in Vehicle Capacity on Objective Value 
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Since distance is one the direct indicators of the objective value, the increase in this constrain is 

causing considerable impact on the objective value. Figure 4-8 and Table 4-9 approve this reason. 

As it can be comprehended from the changes in objective value, changing the rates in distance 

between the nodes has the most severe impact. An important observation that should be noted is 

the sudden spike in the objective value. Reason for this sharp increase is that if the distance 

between two nodes is more than what can be covered in the maximum time available, demand 

cannot be easily met. For example, if Tmax of a routing problem is an 8 hours shift, any customer 

that is located in a distance close to 8 hours’ drive cannot be served as a part of a routing along 

with other customers. Therefore, a vehicle should be sent to just serve one customer. This could 

cause undesirable fixed cost. 

 
Table 4-9 Impact of Change in Distance between Nodes on Objective Value 

Distance between Nodes 

Changing Rate (%) Mean Objective Value 

-50 3900 

+50 15198 

+100 21594 

+200 35864 

+300 586410 

+400 600005 
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Figure 4-8 Impact of Change in Distance between Nodes on Objective Value 

Table 4-10 indicates a comparison between all the changes in constrains and their impact on the 

objective value. The distance between nodes has the most severe impact on the objective value. 

This constraint can be further studies in regard to using other forms of VRP. The impact of this 

this constrain and solutions to mitigate it can be further studied.  

In conclusion, as eluded before, the mathematical model proposed in chapter 3, is a 

computationally intractable. So, by increasing the problem size it can’t find the optimal even the 

feasible solution by a reasonable computational effort. So proposing new meta-heuristic algorithm 

can help in this cases. 
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Table 4-10 Comparison between Impacts of Changes in Different Constraints 

 

In every logistic related companies finding of an optimal solution is a real concern. The algorithm 

proposed in this thesis can help managers to make a good decisions based on the optimal solution 

can be reached by this algorithm. As it can be inferred from Table 4-4, the Co2 gas value emitted 

by vehicles using the HICA algorithm is less than the TICA in most of cases. The most important 

novelty of this algorithm is its ability in searching the solution space, more deeply. All managers 

need is a solution that will be in minimum value of the cost the company endured.    
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100% 7286 100% 7200 100% 8085 100% 21594 100% 7200 

200% 7400 200% 7490 200% 7630 200% 35864 200% 7153 

300% 7500 300% 7573 300% 7435 300% 586410 300% 7056 

400% 7650 400% 7685 400% 7825 400% 600005 400% 6845 
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CHAPTER FIVE 

CONCLUSION AND FUTURE RESEARCH 

  Conclusion and Future Guidelines 

In this thesis at first a comprehensive introduction of the problem was discussed. Then recent 

studies in this area were reviewed and based on the literature review the research gap was 

introduced. A hybrid meta-heuristic algorithm named “hybrid imperialist competitive algorithm” 

then was described. Also, Uncertainty as an important issue in todays’ real world industry is 

considered in this thesis. Also in order to solve the problem, optimally, the mentioned solution 

approach will be implemented. Sensitivity analysis of the proposed model and solution approach 

will give us some valuable managerial insights. Ultimately, based on research findings, future 

directions will be suggested.  

Hence, main novelties of the thesis are as follows:  

- Uncertainty consideration in model parameter and a robust framework design to cope 

with uncertainty 

- Proposing a new solution approach called improved imperialist competitive algorithm 

to solve the problem, optimally. 

Based on the sensitivity analysis of the proposed solution approach the following findings are 

reached: 

- The proposed HICA can outperform the traditional imperialist competitive algorithm. 

Actually the basic difference between these two algorithms is the clustering nature of 

the hybrid version of the algorithm. 

- Moreover, in order to evaluate the performance of the proposed algorithm, it is 

compared to a genetic algorithm and results were discussed. Based on results HICA 
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can find the optimal solution in a less computational time than both TICA and GA.  

 Model parameters in this problem are generated in two probability distribution functions 

of normal and poison. By both of them, the algorithm efficiency is demonstrated.  

 Vehicles’ capacities are assumed to be tolerated in a predefined range. By changing the 

values in this range the model yet can reach the optimal solution by a less computational effort in 

comparison to two other mentioned algorithms.  

The essential parameters of the proposed HICA are ε, population size and number of   imperialists. 

The accuracy and computational time of the algorithm depend on these factors, strictly. In order 

to a robust and suitable algorithm be obtained, optimal levels of mentioned factors should be 

selected. So, here a response surface methodology (RSM) has been implemented to adjust the 

model parameters. After determination of factor levels, the second step is running the experiments 

for each treatment. The mentioned method is run implementing Minitab software with two 

replicates. Table 0-1 illustrates the minimum and maximum levels of factors and Table 0-2 reports 

some of experiments results. After analyzing the RSM, two regression equations are obtained and 

by optimizing them the optimal levels for each factor are determined. In this case the optimum 

levels of population size, ε and n_imp for instance 1, are 500, 0.9 and 5, respectively. 

Table 0-1 Different Levels for Three Essential Parameters 
 

Levels -1.68 -1 0 1 1.68 

Population size 100 150 200 250 300 

  0.1 0.3 0.5 0.8 0.9 

Number of 

imperialist 

5 10 15 20 25 
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Table 0-2 Response Surface Design for Parameters Tuning 

 

However, this study is still open to be investigated in more details. Further researches can be 

undertaken in the following areas: 

 Solving the proposed mathematical model is an exact way and comparing results with 

numerical illustrations, reported in chapter 4.  

 Extending the proposed model to a green location routing problem (G-LRP).  

 Improving the proposed algorithm performance by adding new neighborhood structures.  

 Performing more sensitivity analyses on essential parameters of the problem in provided 

framework.  

 Applying this proposed model in other extensions of VRP and assess its capabilities in 

handling other layers of complexity. 

ε Initial 

Population 

size 

Number of 

imperialists 

Objective 

function 

value 

Computational 

time 

1.68179 0 0 70 38.6 

-1 1 1 140 20.6 

1 1 -1 92 52.8 

-1 -1 1 125 47.2 

0 0 0 165 34.45 

… … … … … 

0 0 0 70 80 

1 -1 1 17681 72.6 



70 

 Comparing HICA to other tools and algorithm and evaluate its performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 



71 

 

 

 

 

 

 

 

 

 

 

 

 

REFERENCES 

  



72 

REFERENCES 

Afshar-Nadjafi, B., & Afshar-Nadjafi, A. (2014). A constructive heuristic for time- dependent 
multi depot vehicle routing problem with time-windows and heterogeneous fleet. Journal of King 
Saud University-Engineering Sciences. In press 

Baldacci, R., Battarra, M., & Vigo, D. (2008). Routing a heterogeneous fleet of vehicles. In Golden 
B. L., Raghavan S., & Wasil E. A. (Eds.), the Vehicle Routing Problem: Latest Advances and New 
Challenges (pp. 1–25). New York:  Springer. 

Baldacci, R., Battarra, M., & Vigo, D. (2009). Valid inequalities for the fleet size and mix vehicle 
routing problem with fixed costs. Networks, 54, 178–189. 

Baldacci, R., & Mingozzi, A. (2009). A unified exact method for solving different classes of 
vehicle routing problems. Mathematical Programming Series A, 120, 347–380. 

Baldacci, R., Bartolini, E., Mingozzi, A., & Roberti, R. (2010a). An exact solution framework for 
a broad class of vehicle routing problems. Computational Management Science, 7, 229–268. 

Baldacci, R., Toth, P., & Vigo, D. (2010b). Exact algorithms for routing problems under vehicle 
capacity constraints. Annals of Operations Research, 175, 213–245. 

Barbarosoglu, G., & Ozgur, D. (1999). A tabu search algorithm for the vehicle routing problem. 
Computers & Operations Research, 26, 255–270. 

Belfiore, P., & Yoshizaki, H. T. Y. (2009). Scatter search for a real-life heterogeneous fleet vehicle 
routing problem with time windows and split deliveries in Brazil. European Journal of 
Operational Research, 199, 750–758. 

Belfiore, P., & Yoshizaki, H. T. Y. (2013). Heuristic methods for the fleet size and mix vehicle 
routing problem with time windows and split deliveries. Computers & Industrial Engineering, 64, 
589–601. 

Belmecheri, F., Prins, C., Yalaoui, F., & Amodeo, L. (2013). Particle swarm optimization 
algorithm for a vehicle routing problem with heterogeneous fleet, mixed back hauls, and time 
windows. Journal of Intelligent Manufacturing, 24, 775–789. 

Bettinelli, A., Ceselli, A., & Righini, G. (2011). A branch-and-cut-and-price algorithm for the 
multi depot heterogeneous vehicle routing problem with time windows. Transportation Research 
Part C: Emerging Technologies, 19, 723–740. 

Bettinelli, A., Ceselli, A., & Righini, G. (2014). A branch-and-price algorithm for the multi depot 
heterogeneous fleet pickup and delivery problem with soft time windows. Mathematical 
Programming Computation, 6, 171–197. 

 



73 

REFERENCES (continued) 

Bolduc, M.-C., Renaud, J., & Boctor, F. (2007). A heuristic for the routing and carrier selection  

Problem. European Journal of Operational Research, 183, 926–932. 

Bolduc, M.-C., Renaud, J., Boctor, F., & Laporte, G. (2008). A perturbation metaheuristic for the 
vehicle routing problem with private fleet and common carriers. Journal of the Operational 
Research Society, 59, 776–787. 

Bolduc, M.-C., Renaud, J., & Montreuil, B. (2006). Synchronized routing of seasonal products 
through a production/distribution network. Central European Journal of Operations Research, 14, 
209–228. 

Brandão, J. (2009). A deterministic tabu search algorithm for the fleet size and mix vehicle routing 
problem. European Journal of Operational Research, 195, 716–728. 

Brandão, J. (2011). A tabu search algorithm for the heterogeneous fixed fleet vehicle routing 
problem. Computers & Operations Research, 38, 140–151. 

Bräysy, O., Dullaert, W., Hasle, G., Mester, D., & Gendreau, M. (2008). An effective multi-restart 
deterministic annealing metaheuristic for the fleet size and mix vehicle routing problem with time 
windows. Transportation Science, 42, 371–386. 

Bräysy, O., Porkka, P. P., Dullaert, W., Repoussis, P. P., & Tarantilis, C. D. (2009). A well scalable 
metaheuristic for the fleet size and mix vehicle routing problem with time windows. Expert System 
with Applications, 36, 8460–8475. 

Calvete, H. I., Gale, C., Oliveros, M.-J., & Sanchez-Valverde, B. (2007). A goal programming 
approach to vehicle routing problems with soft time windows. European Journal of Operational 
Research, 177, 1720–1733. 

Ceschia, S., Luca Di, G., & Andrea, S. (2011). Tabu search techniques for the heterogeneous 
vehicle routing problem with time windows and carrier-dependent costs. Journal of Scheduling, 
14, 601–615. 

Chao, I.-M., Golden, B. L., & Wasil, E. A. (1999). A computational study of a new heuristic for 
the site-dependent vehicle routing problem. INFOR, 37,    319–336. 

Choi, E., & Tcha, D. W. (2007). A column generation approach to the heterogeneous fleet vehicle 
routing problem. Computers & Operations Research, 34, 2080–2095. 

Chu, C. W. (2005). A heuristic algorithm for the truckload and less than truckload problem. 
European Journal of Operational Research, 165, 657–667. 

 



74 

REFERENCES (continued) 

Clarke, G., & Wright, J. W. (1964). Scheduling of vehicles from a central depot to a number of 
delivery points. Operations Research, 12, 568–581. 

Cordeau, J.-F., Laporte, G., Savelsbergh, M. W. P., Vigo, D., Barnhart, C., & Laporte, G. (2007). 
Vehicle routing. In C. Barnhart, & G. Laporte (Eds.), Transportation, hand- books in operations 
research and management science (pp. 367–428). Amsterdam: Elsevier. 

Daganzo, C. F. (1984a). The distance traveled to visit N points with a maximum of C stops per 
vehicle. Transportation Science, 18, 135–146. 

Daganzo, C. F.  (1984b). the Length of Tours in Zones of Different Shapes. Transportation 
Research Part B, 18, 135–146. 

Dantzig, G. B., & Ramser, J. H. (1959). The truck dispatching problem. Management Science, 6, 
80–91. 

Dayarian, I., Crainic, T. G., Gendreau, M., & Rei, W. (2015). A column generation approach for 
a multi-attribute vehicle routing problem. European Journal of Operational Research, 241, 888–
906. 

De la Cruz, J. J., Paternina-Arboleda, C. D., Cantillo, V., & Montoya-Torres, J. R. (2013). A two 
pheromone trail ant colony system: Tabu search approach for the heterogeneous vehicle routing 
problem with time windows and multiple products. Journal of Heuristics, 19, 233–252. 

Dell’Amico, M., Monaci, M., Pagani, C., & Vigo, D. (2007). Heuristic approaches for the fleet 
size and mix vehicle routing problem with time windows. Transportation Science, 41, 516–526. 

Desrochers, M., & Verhoog, T. W. (1991). A new heuristic for the fleet size and mix vehicle 
routing problem. Computers & Operations Research, 18, 263–274. 

Dominguez, O., Juan, A. A., Barrios, B., Faulin, J., & Agustin, A. (2014). Using biased 
randomization for solving the two-dimensional loading vehicle routing problem with 
heterogeneous fleet. Annals of Operations Research. In press. 

Dondo, R., & Cerdá, J. (2007). A cluster-based optimization approach for the multi depot 
heterogeneous fleet vehicle routing problem with time windows. European Journal of Operational 
Research, 176, 1478–1507. 

Dueck, G. (1993). New optimization heuristics: The great deluge algorithm and the record-to-
record travel. Journal of Computational Physics, 104, 86–92. 

Duhamel, C., Lacomme, P., & Prodhon, C. (2012). A hybrid evolutionary local search with depth 
first search split procedure for the heterogeneous vehicle routing problems. Engineering 
Applications of Artificial Intelligence, 25, 345–358. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0030
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0030
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0034
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0035
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0036
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0037
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0038


75 

REFERENCES (continued) 

Dullaert, W., Janssens, G. K., Sörensen, K., & Vernimmen, B. (2002). New heuristics for the fleet 
size and mix vehicle routing problem with time windows. Journal of the Operational Research 
Society, 53, 1232–1238. 

Euchi, J., & Chabchoub, H. (2010). A hybrid tabu search to solve the heterogeneous fixed fleet 
vehicle routing problem. Logistics Research, 2, 3–11. 

FedEx. (2015). http://www.fedex.com/gb/about/index.html Accessed 22.06.15.  Ferland, J. A., & 
Michelon, P. (1988). The vehicle scheduling problem with multiple vehicle types. Journal of the 
Operational Research Society, 39, 577–583. 

Fisher, M. L., & Jaikumar, R. (1981). A generalized assignment heuristic for vehicle routing. 
Networks, 11, 109–124. 

Franceschelli, M., Rosa, D., Seatzu, C., & Bullo, F. (2013). Gossip algorithms for heterogeneous 
multi-vehicle routing problems. Nonlinear Analysis: Hybrid Systems, 10, 156– 174. 

Gencer, C., Top, I., & Aydogan, E. K. (2006). A new intuitional algorithm for solving 
heterogeneous fixed fleet routing problems: Passenger pickup algorithm. Applied Mathematics and 
Computation, 181, 1552–1567. 

Gendreau, M., Hertz, A., & Laporte, G. (1992). New insertion and post optimization procedures 
for the travelling salesman problem. Operations Research, 40, 1086– 1094. 

Gendreau, M., Iori, M., Laporte, G., & Martello, S. (2008). A tabu search heuristic for the vehicle 
routing problem with two-dimensional loading constraints. Networks, 51, 4–18. 

Gendreau, M., Laporte, G., Musaraganyi, C., & Taillard, É. D. (1999). A tabu search heuristic for 
the heterogeneous fleet vehicle routing problem. Computers & Operations Research, 26, 1153–
1173. 

Gheysens, F., Golden, B. L., & Assad, A. A. (1984). A comparison of techniques for solving the 
fleet size and mix vehicle routing problem. OR Spektrum, 6, 207–216. 

Gheysens, F., Golden, B. L., & Assad, A. A. (1986). A new heuristic for determining fleet size and 
composition. Mathematical Programming Study, 26, 233–236. 

Golden, B. L., Assad, A. A., Levy, L., & Gheysens, F. (1984). The fleet size and mix vehicle 
routing problem. Computers & Operations Research, 11, 49–66. 

Golden, B. L., Raghavan, S., & Wasil, E. A. (2008). The vehicle routing problem: Latest advances 
and new challenges. New York: Springer. 

 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0039
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0040
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0040
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0040
http://www.fedex.com/gb/about/index.html
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0041
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0041
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0041
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0042
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0043
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0044
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0045
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0046
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0047
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0047
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0047
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0047
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0048
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0048
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0048
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0049
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0049
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0049
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0050
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0051
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0051
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0051


76 

REFERENCES (continued) 

Han, A. F.-W., & Cho, Y.-J. (2002). A GIDS metaheuristic approach to the fleet size and mix 
vehicle routing problem. In C. C. Ribeiro, & P. Hansen (Eds.), Essays and surveys in 
metaheuristics (pp. 399–413). Boston: Kluwer Academic   Publishers. 

Ho, S. C., & Haugland, D. (2004). A tabu search heuristic for the vehicle routing problem with 
time windows and split deliveries. Computers & Operations Research, 31, 1947– 1964. 

Hoff, A., Andersson, H., Christiansen, M., Hasle, G., & Løkketangen, A. (2010). Industrial aspects 
and literature survey: Fleet composition and routing. Computers & Operations Research, 37, 
2041–2061. 

Homberger, J., & Gehring, H. (1999). Two evolutionary metaheuristics for the vehicle routing 
problem with time windows. INFOR, Information Systems and Operational Research, 3, 297–318. 

Imran, A., Salhi, S., & Wassan, N. A. (2009). A variable neighborhood-based heuristic for the 
heterogeneous fleet vehicle routing problem. European Journal of Operational Research, 197, 
509–518. 

Iori, M., & Riera-Ledesma, J. (2015). Exact algorithms for the double vehicle routing problem 
with multiple stacks. Computers & Operations Research, 63,   83–101. 

Iori, M., Salazar, J. J., & Vigo, D. (2007). An exact approach for the vehicle routing problem with 
two dimensional loading constraints. Transportation Science, 41, 253–264. 

Irnich, S. (2000). A multi depot pick-up and delivery problem with a single hub and heterogeneous 
vehicles. European Journal of Operational Research, 122, 310–328. 

Irnich, S., Schneider, M., & Vigo, D. (2014). Four variants of the vehicle routing problem. In P. 
Toth, & D. Vigo (Eds.), Vehicle routing: Problems, methods, and applications. In MOSSIAM 
series on optimization (pp. 241–271). Philadelphia. 

Jabali, O., Gendreau, M., & Laporte, G. (2012). A continuous approximation model for the fleet 
composition problem. Transportation Research Part B: Methodological, 46, 1591–1606. 

Jiang, J., Ng, K. M., Poh, K. L., & Teo, K. M. (2014). Vehicle routing problem with a 
heterogeneous fleet and time windows. Expert Systems with Applications, 41, 3748–3760. 

Juan, A. A., Goentzel, J., & Bektas¸, T. (2014). Routing fleets with multiple driving ranges: Is it 
possible to use greener fleet configurations? Applied Soft Computing, 21, 84–94. Koç,  Ç.,  Bektas¸ 
,  T.,  Jabali,  O.,  &  Laporte,  G.  (2014). the fleet size and mix pollution routing problem. 
Transportation Research Part B: Methodological, 70, 239–254. 

Koç, Ç. Bektas¸, T., Jabali, O., & Laporte, G. (2015). A hybrid evolutionary algorithm for 
heterogeneous fleet vehicle routing problems. Computers & Operations Research, 64, 11–27. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0052
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0052
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0052
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0052
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0053
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0054
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0055
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0056
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0056
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0056
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0056
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0057
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0057
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0057
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0059
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0059
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0060
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0060
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0060
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0060
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0061
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0061
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0061
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0062
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0063
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0064
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0064
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0064
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0065


77 

REFERENCES (continued) 

Koç, Ç. Bektaş, T., Jabali, O., & Laporte, G. (2016). Thirty years of heterogeneous vehicle routing. 
European Journal of Operational Research, 249(1), 1-21. 

Kopfer, H. W., & Kopfer, H. (2013). Emissions minimization vehicle routing problem in 
dependence of different vehicle classes. In H.-J. Kreowski, B. S. Reiter, & K.-D. Thoben (Eds.), 
Dynamics in logistics. In Lecture notes in logistics (pp. 49–58). Berlin: Springer. (2016) 1–21 

Kopfer, H. W., Schönberger, J., & Kopfer, H. (2014). Reducing greenhouse gas emissions of a 
heterogeneous vehicle fleet. Flexible Services and Manufacturing Journal, 26, 221–248. 

Kritikos, M. N., & Ioannou, G. (2013). The heterogeneous fleet vehicle routing problem with 
overloads and time windows. International Journal of Production Economics, 144, 68–75. 

Kwon, Y. J., Choi, Y. J., & Lee, D. H. (2013). Heterogeneous fixed fleet vehicle routing 
considering carbon emission. Transportation Research Part D: Transport and Environment, 23, 
81–89. 

Lai, M., Crainic, T. G., Di Francesco, M., & Zuddas, P. (2013). A heuristic search for the routing 
of heterogeneous trucks with single and double container loads. Transportation Research Part E: 
Logistics and Transportation Review, 56, 108–118. 

Laporte, G. (2009). Fifty years of vehicle routing. Transportation Science, 43, 408–416.  

Laporte, G., Ropke, S., & Vidal, T. (2014). Heuristics for the vehicle routing problem. In P. Toth, 
& D. Vigo (Eds.), Vehicle routing: Problems, methods and applications. In MOSSIAM series in 
optimization, 87–116.  

Lau, H. C., Sim, M., & Teo, K. M. (2003). Vehicle routing problem with time windows and a 
limited number of vehicles. European Journal of Operational Research, 148, 559–569. 

Lee, Y. H., Kim, J. I., Kang, K. H., & Kim, K. H. (2008). A heuristic for vehicle fleet mix problem 
using tabu search and set partitioning. Journal of the Operational Research Society, 59, 833–841. 

Leung, S. C., Zhang, Z., Zhang, D., Hua, X., & Lim, M. K. (2013). A meta-heuristic algorithm for 
heterogeneous fleet vehicle routing problems with two-dimensional loading constraints. European 
Journal of Operational Research, 225, 199–210. 

Leung, S. C. H., Zheng, J. M., Zhang, D. F., & Zhou, X. Y. (2010). Metaheuristics for the vehicle 
routing problem with two-dimensional loading constraints.  Flexible Services and Manufacturing 
Journal, 22, 61–82. 

Levy, D., Sundar, K., & Rathinam, S. (2014). Heuristics for routing heterogeneous unmanned 
vehicles with fuel constraints. Mathematical Problems in Engineering, 2014, 1–12. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0066
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0066
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0066
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0066
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0066
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0068
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0068
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0071
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0071
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0072
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0075
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0075
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0075
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0076
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0076
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0076


78 

REFERENCES (continued) 

Li, F., Golden, B. L., & Wasil, E. A. (2005). Very large-scale vehicle routing: new test problems, 
algorithms and results. Computers & Operations Research, 32, 1165– 1179. 

Li, F., Golden, B. L., & Wasil, E. A. (2007). A record-to-record travel algorithm for solving the 
heterogeneous fleet vehicle routing problem. Computers & Operations Research, 34, 2734–2742. 

Li, X., Leung, S. C., & Tian, P. (2012). A multistart adaptive memory-based tabu search algorithm 
for the heterogeneous fixed fleet open vehicle routing problem. Expert Systems with Applications, 
39, 365–374. 

Li, X., Tian, P., & Aneja, Y. P. (2010). An adaptive memory programming metaheuristic for the 
heterogeneous fixed fleet vehicle routing problem. Transportation Research Part E: Logistics and 
Transportation Review, 46, 1111–1127. 

Lima, C. D. R., Goldbarg, M. C., & Goldbarg, E. F. G. (2004). A memetic algorithm for the 
heterogeneous fleet vehicle routing problem. Electronic Notes in Discrete Mathematics, 18, 171–
176. 

Liu, F. H., & Shen, S. Y. (1999). A method for vehicle routing problem with multiple vehicle types 
and times windows. Proceedings of the National Science Council, Republic of China, Part A: 
Physical Science and Engineering, 23, 526–536. 

Liu, F. H., & Shen, S. Y. (1999). The fleet size and mix vehicle routing problem with time 
windows. Journal of the Operational Research Society, 50, 721–732. 

Liu, S. (2013). A hybrid population heuristic for the heterogeneous vehicle routing problems. 
Transportation Research Part E: Logistics and Transportation Review, 54, 67–78.  Liu, S., Huang, 
W., & Ma, H. (2009). An effective genetic algorithm for the fleet size and mix vehicle routing 
problems. Transportation Research Part E: Logistics and   Transportation Review, 45, 434–445. 

Miller, C. E., Tucker, A. W., & Zemlin, R. A. (1960). Integer programming formulations and 
traveling salesman problems. Journal of the Association for Computing Machinery, 7, 326–329. 

Moutaoukil, A., Neubert, G., & Derrouiche, R. (2014). A comparison of homogeneous and 
heterogeneous vehicle fleet size in green vehicle routing problem. In Advances in production 
management systems. Innovative and knowledge-based production management in a global–local 
world (pp. 450–457). Berlin/Heidelberg: Springer. 

Nag, B., Golden, B. L., & Assad, A. A. (1988). Vehicle routing with site dependencies. In B. L. 
Golden, & A. A. Assad (Eds.), Vehicle routing: Methods and studies, 149–159. 

Naji-Azimi, Z., & Salari, M. (2013). A complementary tool to enhance the effectiveness of existing 
methods for heterogeneous fixed fleet vehicle routing problem. Applied Mathematical Modelling, 
37, 4316–4324. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0080
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0080
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0080
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0086
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0089
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0089
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0089
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0090
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0090
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0090


79 

REFERENCES (continued) 

Newell, G. F., & Daganzo, C. F. (1986). Design of multiple-vehicle delivery tours I: A ring-radial 
network. Transportation Research Part B, 20, 345–363. 

Ochi, L. S., Vianna, D. S., Drummond, L. M., & Victor, A. O. (1998a). A parallel evolutionary 
algorithm for the vehicle routing problem with heterogeneous fleet. In Parallel and Distributed 
Processing, 216–224. Berlin/Heidelberg:  Springer. 

Ochi, L. S., Vianna, D. S., Drummond, L. M., & Victor, A. O. (1998b). An evolutionary hybrid 
metaheuristic for solving the vehicle routing problem with heterogeneous fleet. In Genetic 
programming (pp. 187–195). Berlin/Heidelberg:  Springer. 

Or, I. (1976). Traveling salesman-type combinatorial problems and their relation to the logistics 
of regional blood banking Ph.D. thesis. Evanston, IL: Department of Industrial Engineering and 
Management Sciences, Northwestern University. 

Osman, I. H. (1993). Metastrategy simulated annealing and tabu search algorithms for the vehicle 
routing problem. Annals of Operations Research, 41, 421–451. 

Osman, I. H., & Salhi, S. (1996). Local search strategies for the vehicle fleet mix problem. In V. 
J. Rayward-Smith, I. H. Osman, C. R. Reeves, G. D. Smith, & G. D. Smith (Eds.), Modern 
heuristic search methods (pp.  131–154).  Chichester:  John Wiley. 

Paraskevopoulos, D. C., Repoussis, P. P., Tarantilis, C. D., Ioannou, G., & Prastacos, G. P. (2008). 
A reactive variable neighborhood tabu search for the heterogeneous fleet vehicle routing problem 
with time windows. Journal of Heuristics, 14, 425–455. 

Penna, P. H. V., Subramanian, A., & Ochi, L. S. (2013). An iterated local search heuristic for the 
heterogeneous fleet vehicle routing problem. Journal of Heuristics, 19, 201– 232. 

Pessoa, A., Uchoa, E., & Poggi de Aragão, M. (2009). A robust branch-cut-and-price algorithm 
for the heterogeneous fleet vehicle routing problem. Networks, 54, 167–177. Potvin, J.-Y., & Naud, 
M. A. (2011). Tabu search with ejection chains for the vehicle routing problem with private fleet 
and common carrier. Journal of the Operational Research Society, 62, 326–336. 

Prieto, A., Bellas, F., Caamaño, P., & Duro, R. J. (2011). Solving a heterogeneous fleet vehicle 
routing problem with time windows through the asynchronous situated Coevolution algorithm. In 
Advances in artificial life. Darwin meets von Neumann (pp. 200– 207).  Berlin/Heidelberg: 
Springer. 

Prins, C. (2002). Efficient heuristics for the heterogeneous fleet multitrip VRP with application to 
a large-scale real case. Journal of Mathematical Modelling and Algorithms, 1, 135–150. 

Prins, C. (2004). A simple and effective evolutionary algorithm for the vehicle routing problem. 
Computers & Operations Research, 31, 1985–2002. 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0091
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0091
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0095
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0095
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0097
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0098
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0098
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0098
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0099
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0100
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0100
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0101
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0102
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0103
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0103
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0103


80 

REFERENCES (continued) 

Prins, C. (2009). Two memetic algorithms for heterogeneous fleet vehicle routing problems. 
Engineering Applications of Artificial Intelligence, 22, 916–928. 

Qu, Y., & Bard, J. F. (2013). The heterogeneous pickup and delivery problem with configurable 
vehicle capacity. Transportation Research Part C: Emerging Technologies, 32, 1–20. 

Qu, Y., & Bard, J. F. (2014). A branch-and-price-and-cut algorithm for heterogeneous pickup and 
delivery problems with configurable vehicle capacity. Transportation Science, 49, 254–270. 

Renaud, J., & Boctor, F. F.  (2002). A sweep-based algorithm for the fleet size and mix vehicle 
routing problem. European Journal of Operational Research, 140, 618– 628. 

Renaud, J., Boctor, F. F., & Laporte, G. (1996). An improved petal heuristic for the vehicle routing 
problem. Journal of the Operational Research Society, 47, 329– 336. 

Repoussis, P. P., & Tarantilis, C. D. (2010). Solving the fleet size and mix vehicle routing problem 
with time windows via adaptive memory programming. Transportation Research Part C: 
Emerging Technologies, 18, 695–712. 

Rochat, Y., & Taillard, É. D. (1995). Probabilistic diversification and intensification in local search 
for vehicle routing. Journal of Heuristics, 1, 147–167. 

Salhi, S., Imran, A., & Wassan, N. A. (2014). The multi depot vehicle routing problem with 
heterogeneous vehicle fleet: Formulation and a variable neighborhood search implementation. 
Computers & Operations Research, 52, 315–325. 

Salhi, S., & Rand, G. K. (1993). Incorporating vehicle routing into the vehicle fleet composition 
problem. European Journal of Operational Research, 66, 313–330. 

Salhi, S., & Sari, M. (1997). A multi-level composite heuristic for the multi depot vehicle fleet mix 
problem. European Journal of Operational Research, 103, 95–112. 

Salhi, S., Sari, M., Saidi, D., & Touati, N. (1992). Adaption of some vehicle fleet mix heuristics. 
Omega, 20, 653–660. 

Salhi, S., Wassan, N., & Hajarat, M. (2013). The fleet size and mix vehicle routing problem with 
backhauls: Formulation and set partitioning-based heuristics. Transportation Research Part E: 
Logistics and Transportation Review, 56, 22–35. 

Seixas, M. P., & Mendes, A. B. (2013). Column generation for a multi trip vehicle routing problem 
with time windows, driver work hours, and heterogeneous fleet. Mathematical Problems in 
Engineering, 2013, 1–13. 

 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0104
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0105
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0106
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0106
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0106
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0107
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0108
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0109
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0109
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0109
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0109
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0110
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0110
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0110
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0111
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0111
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0111
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0111
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0112
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0112
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0112
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0113
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0113
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0113
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0114
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0115
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0116


81 

REFERENCES (continued) 

Solomon, M. M. (1987). Algorithms for the vehicle routing and scheduling problems with time 
window constraints. Operations Research, 35, 254–265. 

Subramanian, A., Penna, P. H. V., Uchoa, E., & Ochi, L. S. (2012). A hybrid algorithm for the 
heterogeneous fleet vehicle routing problem. European Journal of Operational Research, 221, 
285–295. 

Taillard, E. D. (1999). A heuristic column generation method for the heterogeneous fleet vehicle 
routing problem. RAIRO (Recherche Opérationnelle/Operations Research), 33, 1–14. 

Tarantilis, C. D., & Kiranoudis, C. T. (2001). A meta-heuristic algorithm for the efficient 
distribution of perishable foods. Journal of Food Engineering, 50, 1–9. 

Tarantilis, C. D., & Kiranoudis, C. T. (2007). A flexible adaptive memory-based algorithm for 
real-life transportation operations: Two case studies from dairy and construction sector. European 
Journal of Operational Research, 179, 806–822. 

Tarantilis, C. D., Kiranoudis, C. T., & Vassiliadis, V. S. (2003). A list based threshold accepting 
metaheuristic for the heterogeneous fixed fleet vehicle routing problem. Journal of the Operational 
Research Society, 54, 65–71. 

Tarantilis, C. D., Kiranoudis, C. T., & Vassiliadis, V. S. (2004). A threshold accepting meta- 
heuristic for the heterogeneous fixed fleet vehicle routing problem. European Journal of 
Operational Research, 152, 148–158. 

Tavakkoli-Moghaddam, R., Safaei, N., & Gholipour, Y. (2006). A hybrid simulated annealing for 
capacitated vehicle routing problems with the independent route length. Applied Mathematics and 
Computation, 176, 445–454. 

Tavakkoli-Moghaddam, R., Safaei, N., Kah, M. M. O., & Rabbani, M. (2007). A new capacitated 
vehicle routing problem with split service for minimizing fleet cost by simulated annealing. 
Journal of the Franklin Institute, 344, 406–425. 

Teodorovic´, D., Krcˇmar-Nozic´, E., & Pavkovic´, G. (1995). The mixed fleet stochastic vehicle 
routing problem. Transportation Planning and Technology, 19, 31–43. 

TNT Express. (2015). About TNT UK. 
http://www.tnt.com/express/en_gb/site/home/about_us/about_tnt_expresshtml Accessed 
22.06.15. 

Toth, P., & Vigo, D. (2014). Vehicle routing: Problems, methods, and applications. In MOSSIAM 
series on optimization. Philadelphia. Ç. Koç et al. / European Journal of Operational Research 
249 (2016) 1–21 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0117
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0117
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0117
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0118
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0119
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0119
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0119
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0120
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0120
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0120
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0121
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0122
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0123
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0124
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0125
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0126
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0127
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0127
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0127
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0127


82 

REFERENCES (continued) 

Tütüncü, G. Y. (2010). An interactive GRAMPS algorithm for the heterogeneous fixed fleet 
vehicle routing problem with and without backhauls. European Journal of Operational Research, 
201, 593–600. 

Vidal, T., Crainic, T. G., Gendreau, M., & Prins, C. (2014). A unified solution framework for 
multi-attribute vehicle routing problems. European Journal of Operational Research, 234, 658–
673. 

Vis, I. F. A., de Koster, R. B. M., & Savelsbergh, M. W. P. (2005). Minimum vehicle fleet size 
under time window constraints at a container terminal. Transportation Science, 39, 249–260. 

Wang, Q., Ji, Q., & Chiu, C. H. (2014). Optimal routing for heterogeneous fixed fleets of 
multicompartment vehicles. Mathematical Problems in Engineering, 2014,   1–11. 

Wassan, N. A., & Osman, I. H. (2002). Tabu search variants for the mix fleet vehicle routing 
problem. Journal of the Operational Research Society, 53, 768–782. 

Winter, Gabriel, J. Periaux, M. Galan, and P. Cuesta. Genetic Algorithms in Engineering and 
Computer Science. John Wiley & Sons, Inc., 1996. 

Xu, Y., & Jiang, W. (2014). An improved variable neighborhood search algorithm for multi depot 
heterogeneous vehicle routing problem based on hybrid operators. International Journal of 
Control & Automation, 7, 299–2316. 

Xu, Y., Wang, L., & Yang, Y. (2012). A new variable neighborhood search algorithm for the multi 
depot heterogeneous vehicle routing problem with time windows. Electronic Notes in Discrete 
Mathematics, 39, 289–296. 

Yaman, H. (2006). Formulations and valid inequalities for the heterogeneous vehicle routing 
problem. Mathematical Programming, 106, 365–390. 

Yao, B., Yu, B., Hu, P., Gao, J., & Zhang, M. (2015). An improved particle swarm optimization 
for carton heterogeneous vehicle routing problem with a collection depot. Annals of Operations 
Research. In press 

Yepes, V., & Medina, J. (2006). Economic heuristic optimization for heterogeneous fleet 
VRPHESTW. Journal of Transportation Engineering, 132, 303–311. 

Yousefikhoshbakht, M., Didehvar, F., & Rahmati, F. (2014). Solving the heterogeneous fixed fleet 
open vehicle routing problem by a combined metaheuristic algorithm. International Journal of 
Production Research, 52, 2565–2575. 

 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0130
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0130
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0134
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0135
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0136
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0136a
http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0137


83 

Zachariadis, E. E., Tarantilis, C. D., & Kiranousdis, C. T. (2009). A guided tabu search for the 
vehicle routing problem with two-dimensional loading constraints. European Journal of 
Operational Research, 195, 729–743. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://refhub.elsevier.com/S0377-2217(15)00653-0/sbref0138


84 

 

 

 

 

 

 

 

 

 

 

 

 

APPENDIXES 



85 

APENDIX A 

HICA MATLAB CODE 

%% 

clear 

clc 

m=3; %number of depots 

ND=[10 11 12]; 

km=[12,10,11]; 

%n=9;    %number of customers 

nm=9; %all customers 

v=3;  %vehicles 

VK=[13,14,15]; 

VC=[1 2 3 4 5 6 7 8 9]; 

d=[ 9    10     2    10     7     1     3     6    10]; %demand value 

ti=[10,50,60,120,200,800,900,1000,600]; 

cap=[0 0 0 0 0 0 0 0 0 0 0 0 150 200 300]; 

cap=0.5*cap; 

co=[ 0 0 0 0 0 0 0 0 0 0 0 0 10 50 35]; 

dis=[0     2     3    25    18    13    42    39    31    50    41    32 

    8     0     5    23    30    43    30    47    14     4    22    18 

    49    47     0    33    12    13    28     7    33    23    46    26 

    48    34    35     0    38    41    46    29    35     6    10    21 

    25    38    16    38     0    13    15    24    38    49    14     4 



86 

    41    38    48    14    26     0    38     1    23     1     8    12 

    8    20     2    34    35    18     0    17     5    39     7     7 

    22    33    22    33    45    10    20     0    12    41    44    10 

    46     9    20     9    48    13    29    40     0    44    29    12 

    40    36    39     6    28    31     4    16     8     0    28    21 

    48     2    40    25     7    24     3    27    42    20     0     3 

    33    14    10    48     8    18    27     9    27    13    43     0];%distance between nodes 

time=[     0     4     6     6     5     4     3     3     1     6     1     9 

    1     0     1     3     5    10     2     5     3     3     3     4 

    3     4     0     8     5     9     3     6     9     5     4     7 

    2     2     4     0     4     6     5     3     1     7     7     2 

    2     8     9     7     0     7     4     7    10     7     2     1 

    3     4     1     2     6     0    10     8     8     4     8     8 

    5     3     1     4     9     3     0     3     5     4     2     6 

    1     5     2     7     8     4     2     0     6    10     7     5 

    10     1     7     8     7     5    10     3     0     1     5    10 

    10     2     8     1     4     3    10     4     5     0     8     7 

    5    10     7    10     9     9     5     5    10    10     0     7 

    5    10     5     8     6     2     2     6     6     8    10     0] ;%time between nodes; 

popsize=500; 

eps=.9; 

ni=300; 

num=1; 
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cost_out=1.5; 

cost_in=.7; 

cost_mid=.5; 

eps2=2; 

%uw=zeros(nm,p); 

%m=zeros(nc,p); 

%t=zeros(1,p); 

%initial population 

pp=zeros(popsize,2*nm); 

%% 

for i=1:popsize 

    pp(i,1:2:2*nm)=randperm(nm); 

    for k=2:2:2*nm 

        pp(i,k)=VK(randi(3)); 

    end 

end 

tic 

n_imp=5; 

n_cost=zeros(1,n_imp); 

q=zeros(1,n_imp); 

total_cost=zeros(1,n_imp); 

normal_total_cost=zeros(1,n_imp); 

p_total=zeros(1,n_imp); 
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n_col=zeros(1,n_imp); 

a=zeros(popsize,2*nm+1,n_imp); 

z=zeros(1,popsize); 

fm=zeros(1,popsize); 

%Capacity constraint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2) 

                    kk=kk+d(pp(j,r1(jj)-1)); 

                    if kk>cap(k) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(m); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(3); 

                            km(k)=ND(r2(1)); 

                        end 

                    end 
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                end 

            end 

        end 

    end 

end 

%time window constarint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2)-1 

                    kk=kk+time(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                    if kk>ti(pp(j,r1(jj)+1)) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(m); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(3); 

                            km(k)=ND(r2(1)); 

                        end 
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                    end 

                end 

            end 

        end 

    end 

end 

for j=1:popsize 

    kk=0; 

    for k=13:15 

        r1=find(pp(j,:)==k); 

        if size(r1,2)~=0 

            if r1(1)~=1 

                z(j)=co(k)*dis(pp(j,r1(1)-1),km(k)); 

            end 

            for jj=1:size(r1,2)-1 

                if r1(jj)~=1 

                    z(j)=z(j)+co(k)*dis(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                end 

            end 

            if r1(size(r1,2))~=1 

                z(j)=z(j)+co(k)*dis(pp(j,r1(size(r1,2))-1),km(k)); 

            end 

        end 
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    end 

end 

[z,ind]=sort(z); 

pp=pp(ind,:); 

for i=1:n_imp 

    a(1,2*nm+1,i)=z(i); 

    a(1,1:2*nm,i)=pp(i,:); 

end 

y=max(a(1,2*nm+1,:)); 

for i=1:n_imp 

    n_cost(i)=a(1,2*nm+1,i); 

end 

for i=1:n_imp 

    q(i)=n_cost(i)/sum(n_cost); 

    n_col(i)=round(q(i)*(popsize-n_imp)); 

end 

n_col(1)=n_col(1)-1; 

  

%------------------------------------------------------------------------ 

%% 

[z,ind]=sort(z,'descend'); 

pp=pp(ind,:); 

o=randperm(popsize-n_imp); 
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n=0; 

%divide the colonies among the imps...% 

for i=1:n_imp 

    for j=2:1+n_col(i) 

        n=n+1; 

        a(j,1:2*nm,i)=pp(o(n),:); 

        a(j,2*nm+1,i)=z(o(n)); 

    end 

end 

iter_number=0; 

%---------------------------------------------------------------------------------------------------------------- 

%start  the competition 

for jj=1:ni 

    fm=zeros(1,popsize); 

    iter_number=iter_number+1; 

    for i=1:n_imp 

        if n_col(i)>=1 

            wv=0; 

            for j=5:4:n_col(i)-2 

                wv=wv+1; 

                best_in_four=a(wv,:,i); 

                for o=1:4 

                    %   produce the new babies based on the best string in each four strings. 
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                    switch o 

                        case 1 

                            a(j+1,1:2:2*nm,i)=fliplr(best_in_four(1:2:2*nm)); 

                        case 2 

                            for i1=2:2:nm 

                                a(j+2,i1,i)=best_in_four(i1); 

                            end 

                        case 3 

                            r=randperm(nm); 

                            a(j+3,r(r(5)),i)=a(1,r(r(5)),i); 

                        case 4 

                            a(j,1:2:2*nm,i)=randperm(nm); 

                            for kkk=2:2:2*nm 

                                a(j,kkk,i)=VK(randi(3)); 

                            end 

                    end 

                end 

            end 

            %Capacity constraint 

            kk=0; 

            for k=13:15 

                r1=find(a(j,:,i)==k); 

                if numel(r1)~=0 
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                    for jjj=1:size(r1,2) 

                        if r1(jjj)~=1 

                            kk=kk+d(a(j,r1(jjj)-1,i)); 

                        end 

                        if kk>cap(k) 

                            for jjjj=jj:size(r1,2) 

                                r2=randi(m); 

                                if r2~=k 

                                    a(j,r1(jjjj),i)=VK(r2); 

                                end 

                                r2=randi(3); 

                                size(ND) 

                                km(k)=ND(r2); 

                            end 

                        end 

                    end 

                end 

            end 

            %time window constarint 

            kk=0; 

            for k=13:15 

                r1=find(a(j,:,i)==k); 

                if size(r1,2)~=0 
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                    for jjj=1:size(r1,2)-1 

                        kk=kk+time(a(j,r1(jjj)-1,i),a(j,r1(jjj)+1,i)); 

                        if kk>ti(a(j,r1(jjj)+1,i)) 

                            for jjjj=jj:size(r1,2) 

                                r2=randi(m); 

                                if r2~=k 

                                    a(j,r1(jjjj),i)=VK(r2); 

                                end 

                                r2=randi(3); 

                                km(k)=ND(r2(1)); 

                            end 

                        end 

                    end 

                end 

            end 

            for j=2:1+n_col(i) 

                for jjj=1:numel(VC) 

                    r1=find(a(j,:,i)==jjj); 

                    if size(r1,2)==0 || size(r1,2)>1 

                        a(j,2*nm+1,i)=100000000000; 

                    end 

                end 

            end 
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            for j=2:1+n_col(i) 

                kk=0; 

                for k=13:15 

                    r1=find(a(j,:,i)==k); 

                    if size(r1,2)~=0 

                        a(j,2*nm+1,i)=co(k)*dis(a(j,r1(1)-1,i),km(k)); 

                        for jjj=1:size(r1,2)-1 

                            a(j,2*nm+1,i)=a(j,2*nm+1,i)+co(k)*dis(a(j,r1(jjj)-1,i),pp(j,r1(jjj)+1)); 

                        end 

                        a(j,2*nm+1,i)=a(j,2*nm+1,i)+co(k)*dis(a(j,r1(size(r1,2))-1,i),km(k)); 

                    end 

                end 

            end 

        end 

    end 

    %sorting the countries considering their power index% 

    for i=1:n_imp 

        if n_col(i)~=0 

            for j=1:n_col(i) 

                for k=j+1:1+n_col(i) 

                    if a(k,2*nm+1,i)<a(j,2*nm+1,i) 

                        PR=a(j,:,i); 

                        a(j,:,i)=a(k,:,i); 
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                        a(k,:,i)=PR; 

                    end 

                end 

            end 

        end 

        % determine the total power of a empire% 

        if n_col(i)==0 

            total_cost(i)=a(1,2*nm+1,i); 

        end 

        if n_col(i)>0 

            total_cost(i)=a(1,2*nm+1,i)+eps*(sum(a(2:1+n_col(i),2*nm+1,i))/n_col(i)); 

        end 

    end 

    PR=max(total_cost); 

    %the normalized power of empire % 

    for i=1:n_imp 

        normal_total_cost(i)=total_cost(i)-PR; 

    end 

    for i=1:n_imp 

        p_total(i)=abs(normal_total_cost(i)/sum(normal_total_cost)); 

    end 

    %find the weakest imperialist in the compitition:% 

    k3=max(a(1,2*nm+1,:)); 
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    v=find(a(1,2*nm+1,:)==k3); 

    %find the weakest colony in this imperialist boundary:% 

    E(1,:,1)=a(1+n_col(v(1)),:,v(1)); 

    a(1+n_col(v(1)),:,v(1))=0; 

    n_col(v(1))=n_col(v(1))-1; 

    %allocate this colony to the imperialist whith the maximum power:% 

    R=rand(1,n_imp); 

    D=p_total-R; 

    Z=find(D==max(D)); 

    a(2+n_col(Z(1)),:,Z(1))=E(1,:,1); 

    n_col(Z(1))=n_col(Z(1))+1; 

    %eliminate the collapse impire from the competition% 

    for i=1:n_imp 

        if n_col(i)==-1 

            a(1,:,i)=a(1,:,i)/0; 

        end 

    end 

    %stop condition 

    r=find(n_col==-1); 

    if size(r,2)==n_imp-1 

        break 

    end 

end 
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r=toc; 

min=a(1,2*nm+1,:); 

k=find(a(1,2*nm+1,:)==min); 

fprintf('total iteration number is  %d  ... by this iteration in the    %d  period , the best string is 

:\n',iter_number) 

disp(a(1,1:2*nm,k(1))) 

bf=a(1,1:2*nm,k(1)); 

fprintf('---------------------------------------------------------------------------------\n') 

fprintf('solution time  and the objective function by this iteration is:\n') 

disp(r) 

disp(a(1,2*nm+1,k(1))) 
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APENDIX B 

TICA MATLAB CODE 

%% 

clear 

clc 

m=3; %number of depots 

ND=[10 11 12]; 

km=[12,10,11]; 

%n=9;    %number of customers 

nm=9; %all nodes 

v=3;  %vehicles 

VK=[13,14,15]; 

VC=[1 2 3 4 5 6 7 8 9]; 

d=[ 9    10     2    10     7     1     3     6    10]; %demand value 

ti=[10,50,60,120,200,800,900,1000,600]; 

cap=[0 0 0 0 0 0 0 0 0 0 0 0 150 200 300]; 

cap=0.5*cap; 

co=[ 0 0 0 0 0 0 0 0 0 0 0 0 10 50 35]; 

dis=[0     2     3    25    18    13    42    39    31    50    41    32 

    8     0     5    23    30    43    30    47    14     4    22    18 

    49    47     0    33    12    13    28     7    33    23    46    26 

    48    34    35     0    38    41    46    29    35     6    10    21 

    25    38    16    38     0    13    15    24    38    49    14     4 
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    41    38    48    14    26     0    38     1    23     1     8    12 

    8    20     2    34    35    18     0    17     5    39     7     7 

    22    33    22    33    45    10    20     0    12    41    44    10 

    46     9    20     9    48    13    29    40     0    44    29    12 

    40    36    39     6    28    31     4    16     8     0    28    21 

    48     2    40    25     7    24     3    27    42    20     0     3 

    33    14    10    48     8    18    27     9    27    13    43     0];%distance between nodes 

time=[     0     4     6     6     5     4     3     3     1     6     1     9 

    1     0     1     3     5    10     2     5     3     3     3     4 

    3     4     0     8     5     9     3     6     9     5     4     7 

    2     2     4     0     4     6     5     3     1     7     7     2 

    2     8     9     7     0     7     4     7    10     7     2     1 

    3     4     1     2     6     0    10     8     8     4     8     8 

    5     3     1     4     9     3     0     3     5     4     2     6 

    1     5     2     7     8     4     2     0     6    10     7     5 

    10     1     7     8     7     5    10     3     0     1     5    10 

    10     2     8     1     4     3    10     4     5     0     8     7 

    5    10     7    10     9     9     5     5    10    10     0     7 

    5    10     5     8     6     2     2     6     6     8    10     0] ;%time between nodes; 

popsize=500; 

eps=.9; 

ni=300; 

num=1; 
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cost_out=1.5; 

cost_in=.7; 

cost_mid=.5; 

eps2=2; 

%uw=zeros(nm,p); 

%m=zeros(nc,p); 

%t=zeros(1,p); 

%initial population 

pp=zeros(popsize,2*nm); 

%% 

for i=1:popsize 

    pp(i,1:2:2*nm)=randperm(nm); 

    for k=2:2:2*nm 

        pp(i,k)=VK(randi(3)); 

    end 

end 

tic 

n_imp=5; 

n_cost=zeros(1,n_imp); 

q=zeros(1,n_imp); 

total_cost=zeros(1,n_imp); 

normal_total_cost=zeros(1,n_imp); 

p_total=zeros(1,n_imp); 
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n_col=zeros(1,n_imp); 

a=zeros(popsize,2*nm+1,n_imp); 

z=zeros(1,popsize); 

fm=zeros(1,popsize); 

%Capacity constraint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2) 

                    kk=kk+d(pp(j,r1(jj)-1)); 

                    if kk>cap(k) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(m); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(3); 

                            km(k)=ND(r2(1)); 

                        end 

                    end 
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                end 

            end 

        end 

    end 

end 

%time window constarint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2)-1 

                    kk=kk+time(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                    if kk>ti(pp(j,r1(jj)+1)) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(m); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(3); 

                            km(k)=ND(r2(1)); 

                        end 
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                    end 

                end 

            end 

        end 

    end 

end 

  

for j=1:popsize 

    kk=0; 

    for k=13:15 

        r1=find(pp(j,:)==k); 

        if size(r1,2)~=0 

            if r1(1)~=1 

                z(j)=co(k)*dis(pp(j,r1(1)-1),km(k)); 

            end 

            for jj=1:size(r1,2)-1 

                if r1(jj)~=1 

                    z(j)=z(j)+co(k)*dis(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                end 

            end 

            if r1(size(r1,2))~=1 

                z(j)=z(j)+co(k)*dis(pp(j,r1(size(r1,2))-1),km(k)); 

            end 
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        end 

    end 

end 

[z,ind]=sort(z); 

pp=pp(ind,:); 

for i=1:n_imp 

    a(1,2*nm+1,i)=z(i); 

    a(1,1:2*nm,i)=pp(i,:); 

end 

y=max(a(1,2*nm+1,:)); 

for i=1:n_imp 

    n_cost(i)=a(1,2*nm+1,i); 

end 

for i=1:n_imp 

    q(i)=n_cost(i)/sum(n_cost); 

    n_col(i)=round(q(i)*(popsize-n_imp)); 

end 

n_col(1)=n_col(1)-1; 

  

%------------------------------------------------------------------------ 

%% 

[z,ind]=sort(z,'descend'); 

pp=pp(ind,:); 
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o=randperm(popsize-n_imp); 

n=0; 

%divide the colonies among the imps...% 

for i=1:n_imp 

    for j=2:1+n_col(i) 

        n=n+1; 

        a(j,1:2*nm,i)=pp(o(n),:); 

        a(j,2*nm+1,i)=z(o(n)); 

    end 

end 

iter_number=0; 

%---------------------------------------------------------------------------------------------------------------- 

%start  the competition 

for jj=1:ni 

    fm=zeros(1,popsize); 

    iter_number=iter_number+1; 

    for i=1:n_imp 

        if n_col(i)>=1 

            for j=2:n_col(i)-2 

                best_in_four=a(1,:,i); 

                for o=1:4 

                    %   produce the new babies based on the best string in each four strings. 

                    r1=randi(4); 
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                    if r1==1 

                        a(j,1:2:2*nm,i)=fliplr(best_in_four(1:2:2*nm)); 

                    end 

                    if r1==2 

                        for i1=2:2:nm 

                            a(j,i1,i)=best_in_four(i1); 

                        end 

                    end 

                    if r1==3 

                        r=randperm(nm); 

                        a(j,r(r(5)),i)=a(1,r(r(5)),i); 

                    end 

                    if r1==4 

                        a(j,1:2:2*nm,i)=randperm(nm); 

                        for kkk=2:2:2*nm 

                            a(j,kkk,i)=VK(randi(3)); 

                        end 

                    end 

                end 

            end 

            %Capacity constraint 

            kk=0; 

            for k=13:15 
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                r1=find(a(j,:,i)==k); 

                if numel(r1)~=0 

                    for jjj=1:size(r1,2) 

                        if r1(jjj)~=1 

                            kk=kk+d(a(j,r1(jjj)-1,i)); 

                        end 

                        if kk>cap(k) 

                            for jjjj=jj:size(r1,2) 

                                r2=randi(m); 

                                if r2~=k 

                                    a(j,r1(jjjj),i)=VK(r2); 

                                end 

                                r2=randi(3); 

                                size(ND) 

                                km(k)=ND(r2); 

                            end 

                        end 

                    end 

                end 

            end 

            %time window constarint 

            kk=0; 

            for k=13:15 
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                r1=find(a(j,:,i)==k); 

                if size(r1,2)~=0 

                    for jjj=1:size(r1,2)-1 

                        kk=kk+time(a(j,r1(jjj)-1,i),a(j,r1(jjj)+1,i)); 

                        if kk>ti(a(j,r1(jjj)+1,i)) 

                            for jjjj=jj:size(r1,2) 

                                r2=randi(m); 

                                if r2~=k 

                                    a(j,r1(jjjj),i)=VK(r2); 

                                end 

                                r2=randi(3); 

                                km(k)=ND(r2(1)); 

                            end 

                        end 

                    end 

                end 

            end 

            for j=2:1+n_col(i) 

                for jjj=1:numel(VC) 

                    r1=find(a(j,:,i)==jjj); 

                    if size(r1,2)==0 || size(r1,2)>1 

                        a(j,2*nm+1,i)=100000000000; 

                    end 
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                end 

            end 

            for j=2:1+n_col(i) 

                kk=0; 

                for k=13:15 

                    r1=find(a(j,:,i)==k); 

                    if size(r1,2)~=0 

                        a(j,2*nm+1,i)=co(k)*dis(a(j,r1(1)-1,i),km(k)); 

                        for jjj=1:size(r1,2)-1 

                            a(j,2*nm+1,i)=a(j,2*nm+1,i)+co(k)*dis(a(j,r1(jjj)-1,i),pp(j,r1(jjj)+1)); 

                        end 

                        a(j,2*nm+1,i)=a(j,2*nm+1,i)+co(k)*dis(a(j,r1(size(r1,2))-1,i),km(k)); 

                    end 

                end 

            end 

        end 

    end 

    %sorting the countries considering their power index% 

    for i=1:n_imp 

        if n_col(i)~=0 

            for j=1:n_col(i) 

                for k=j+1:1+n_col(i) 

                    if a(k,2*nm+1,i)<a(j,2*nm+1,i) 
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                        PR=a(j,:,i); 

                        a(j,:,i)=a(k,:,i); 

                        a(k,:,i)=PR; 

                    end 

                end 

            end 

        end 

        % determine the total power of a empire% 

        if n_col(i)==0 

            total_cost(i)=a(1,2*nm+1,i); 

        end 

        if n_col(i)>0 

            total_cost(i)=a(1,2*nm+1,i)+eps*(sum(a(2:1+n_col(i),2*nm+1,i))/n_col(i)); 

        end 

    end 

    PR=max(total_cost); 

    %the normalized power of empire % 

    for i=1:n_imp 

        normal_total_cost(i)=total_cost(i)-PR; 

    end 

    for i=1:n_imp 

        p_total(i)=abs(normal_total_cost(i)/sum(normal_total_cost)); 

    end 
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    %find the weakest imperialist in the compitition:% 

    k3=max(a(1,2*nm+1,:)); 

    v=find(a(1,2*nm+1,:)==k3); 

    %find the weakest colony in this imperialist boundary:% 

    E(1,:,1)=a(1+n_col(v(1)),:,v(1)); 

    a(1+n_col(v(1)),:,v(1))=0; 

    n_col(v(1))=n_col(v(1))-1; 

    %allocate this colony to the imperialist whith the maximum power:% 

    R=rand(1,n_imp); 

    D=p_total-R; 

    Z=find(D==max(D)); 

    a(2+n_col(Z(1)),:,Z(1))=E(1,:,1); 

    n_col(Z(1))=n_col(Z(1))+1; 

    %eliminate the collapse impire from the competition% 

    for i=1:n_imp 

        if n_col(i)==-1 

            a(1,:,i)=a(1,:,i)/0; 

        end 

    end 

    %stop condition 

    r=find(n_col==-1); 

    if size(r,2)==n_imp-1 

        break 
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    end 

end 

r=toc; 

min=a(1,2*nm+1,:); 

k=find(a(1,2*nm+1,:)==min); 

fprintf('total iteration number is  %d  ... by this iteration in the    %d  period , the best string is 

:\n',iter_number) 

disp(a(1,1:2*nm,k(1))) 

bf=a(1,1:2*nm,k(1)); 

fprintf('---------------------------------------------------------------------------------\n') 

fprintf('solution time  and the objective function by this iteration is:\n') 

disp(r) 

disp(a(1,2*nm+1,k(1))) 
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APENDIX C 

MATLAB GA CODE 

%% 

clear 

clc 

m=3; %number of depots 

ND=[10 11 12]; 

km=[12,10,11]; 

%n=9;    %number of customers 

nm=9; %all nodes 

v=3;  %vehicles 

VK=[13,14,15]; 

VC=[1 2 3 4 5 6 7 8 9]; 

d=[ 9    10     2    10     7     1     3     6    10]; %demand value 

ti=[10,50,60,120,200,800,900,1000,600]; 

cap=[0 0 0 0 0 0 0 0 0 0 0 0 150 200 300]; 

co=[ 0 0 0 0 0 0 0 0 0 0 0 0 10 50 35]; 

dis=[0     2     3    25    18    13    42    39    31    50    41    32 

    8     0     5    23    30    43    30    47    14     4    22    18 

    49    47     0    33    12    13    28     7    33    23    46    26 

    48    34    35     0    38    41    46    29    35     6    10    21 

    25    38    16    38     0    13    15    24    38    49    14     4 

    41    38    48    14    26     0    38     1    23     1     8    12 
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    8    20     2    34    35    18     0    17     5    39     7     7 

    22    33    22    33    45    10    20     0    12    41    44    10 

    46     9    20     9    48    13    29    40     0    44    29    12 

    40    36    39     6    28    31     4    16     8     0    28    21 

    48     2    40    25     7    24     3    27    42    20     0     3 

    33    14    10    48     8    18    27     9    27    13    43     0];%distance between nodes 

time=[     0     4     6     6     5     4     3     3     1     6     1     9 

    1     0     1     3     5    10     2     5     3     3     3     4 

    3     4     0     8     5     9     3     6     9     5     4     7 

    2     2     4     0     4     6     5     3     1     7     7     2 

    2     8     9     7     0     7     4     7    10     7     2     1 

    3     4     1     2     6     0    10     8     8     4     8     8 

    5     3     1     4     9     3     0     3     5     4     2     6 

    1     5     2     7     8     4     2     0     6    10     7     5 

    10     1     7     8     7     5    10     3     0     1     5    10 

    10     2     8     1     4     3    10     4     5     0     8     7 

    5    10     7    10     9     9     5     5    10    10     0     7 

    5    10     5     8     6     2     2     6     6     8    10     0] ;%time between nodes; 

popsize=1000; 

eps=.9; 

ni=300; 

num=1; 

cost_out=1.5; 
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cost_in=.7; 

cost_mid=.5; 

eps2=2; 

%uw=zeros(nm,p); 

%m=zeros(nc,p); 

%t=zeros(1,p); 

%initial population 

pp=zeros(popsize,2*nm+1); 

%% 

for i=1:popsize 

    pp(i,1:2:2*nm)=randperm(nm); 

    for k=2:2:2*nm 

        pp(i,k)=VK(randi(3)); 

    end 

end 

tic 

n_imp=1; 

n_cost=zeros(1,n_imp); 

q=zeros(1,n_imp); 

total_cost=zeros(1,n_imp); 

normal_total_cost=zeros(1,n_imp); 

p_total=zeros(1,n_imp); 

n_col=zeros(1,n_imp); 
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a=zeros(popsize,2*nm+1,n_imp); 

z=zeros(1,popsize); 

fm=zeros(1,popsize); 

%Capacity constraint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2) 

                    kk=kk+d(pp(j,r1(jj)-1)); 

                    if kk>cap(k) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(v); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(m); 

                            km(k)=ND(r2(1)); 

                        end 

                    end 

                end 
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            end 

        end 

    end 

end 

%time window constarint 

for ee=1:1 

    for j=1:popsize 

        kk=0; 

        for k=13:15 

            r1=find(pp(j,:)==k); 

            if size(r1,2)~=0 

                for jj=1:size(r1,2)-1 

                    kk=kk+time(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                    if kk>ti(pp(j,r1(jj)+1)) 

                        for jjj=jj:size(r1,2) 

                            r2=randi(v); 

                            if r2~=k 

                                pp(j,r1(jjj))=VK(r2); 

                            end 

                            r2=randi(m); 

                            km(k)=ND(r2(1)); 

                        end 

                    end 
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                end 

            end 

        end 

    end 

end 

for j=1:popsize 

    kk=0; 

    for k=13:15 

        r1=find(pp(j,:)==k); 

        if size(r1,2)~=0 

            if r1(1)~=1 

                z(j)=co(k)*dis(pp(j,r1(1)-1),km(k)); 

                pp(j,end)=co(k)*dis(pp(j,r1(1)-1),km(k)); 

            end 

            for jj=1:size(r1,2)-1 

                if r1(jj)~=1 

                    pp(j,end)=pp(j,end)+co(k)*dis(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                    z(j)=z(j)+co(k)*dis(pp(j,r1(jj)-1),pp(j,r1(jj)+1)); 

                end 

            end 

            if r1(size(r1,2))~=1 

                z(j)=z(j)+co(k)*dis(pp(j,r1(size(r1,2))-1),km(k)); 

                pp(j,end)=pp(j,end)+co(k)*dis(pp(j,r1(size(r1,2))-1),km(k)); 



121 

            end 

        end 

    end 

end 

    [z,ind]=sort(z); 

pp=pp(ind,:); 

iter_number=0; 

%---------------------------------------------------------------------------------------------------------------- 

%start  the competition 

for ni=1:12000 

    fm=zeros(1,popsize); 

    iter_number=iter_number+1; 

                best_in_four=pp(1,:); 

                for o=1:4 

                    %   produce the new babies based on the best string in each four strings. 

                    r1=randi(4); 

                    if r1==1 

                        pp(j,1:2:2*nm)=fliplr(best_in_four(1:2:2*nm)); 

                    end 

                    if r1==2 

                        for i1=2:2:nm 

                            pp(j,i1)=best_in_four(i1); 

                        end 
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                    end 

                    if r1==3 

                        r=randperm(nm); 

                        pp(j,r(r(5)))=pp(1,r(r(5))); 

                    end 

                    if r1==4 

                        pp(j,1:2:2*nm)=randperm(nm); 

                        for kkk=2:2:2*nm 

                            pp(j,kkk)=VK(randi(3)); 

                        end 

                    end 

                end 

            %Capacity constraint 

            kk=0; 

            for k=13:15 

                r1=find(pp(j,:)==k); 

                if numel(r1)~=0 

                    for jjj=1:size(r1,2) 

                        if r1(jjj)~=1 

                            kk=kk+d(pp(j,r1(jjj)-1)); 

                        end 

                        if kk>cap(k) 

                            for jjjj=jj:size(r1,2) 
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                                r2=randi(v); 

                                if r2~=k 

                                    pp(j,r1(jjjj))=VK(r2); 

                                end 

                                r2=randi(m); 

                                size(ND) 

                                km(k)=ND(r2); 

                            end 

                        end 

                    end 

                end 

            end 

            %time window constarint 

            kk=0; 

            for k=13:15 

                r1=find(pp(j,:)==k); 

                if size(r1,2)~=0 

                    for jjj=1:size(r1,2)-1 

                        kk=kk+time(pp(j,r1(jjj)-1),pp(j,r1(jjj)+1)); 

                        if kk>ti(pp(j,r1(jjj)+1)) 

                            for jjjj=jj:size(r1,2) 

                                r2=randi(v); 

                                if r2~=k 
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                                    pp(j,r1(jjjj))=VK(r2); 

                                end 

                                r2=randi(m); 

                                km(k)=ND(r2(1)); 

                            end 

                        end 

                    end 

                end 

            end 

                for jjj=1:numel(VC) 

                    r1=find(pp(j,:)==jjj); 

                    if size(r1,2)==0 || size(r1,2)>1 

                        pp(j,2*nm+1)=100000000000; 

                    end 

                end 

                kk=0; 

                for k=13:15 

                    r1=find(pp(j,:)==k); 

                    if size(r1,2)~=0 

                        pp(j,2*nm+1)=co(k)*dis(pp(j,r1(1)-1),km(k)); 

                        for jjj=1:size(r1,2)-1 

                            pp(j,2*nm+1)=pp(j,2*nm+1)+co(k)*dis(pp(j,r1(jjj)-1),pp(j,r1(jjj)+1)); 

                        end 
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                        pp(j,2*nm+1)=pp(j,2*nm+1)+co(k)*dis(pp(j,r1(size(r1,2))-1),km(k)); 

                    end 

                end 

    %stop condition 

[z,ind]=sort(z); 

pp=pp(ind,:); 

end 

r=toc; 

k=pp(1,2*nm+1); 

fprintf('total iteration number is  %d  ... by this iteration in the    %d  period , the best string is 

:\n',iter_number) 

disp(pp(1,:)) 

fprintf('---------------------------------------------------------------------------------\n') 

fprintf('solution time  and the objective function by this iteration is:\n') 

disp(r) 

disp(k) 

  

 

 


