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ABSTRACT 

 
This dissertation focuses on the capacitated location routing problem (CLRP) and the 

multi-objective location routing problem (MO-LRP). The solution method for CLRP is 

based on GLNPSO(from Pongchairerks and Kachitvichyanukul, 2009a), a variant of 

particle swarm optimization algorithm and the Pareto based MOPSO adopted from 

Nguyen and Kachitvichyanukul,(2010)to solve multi-objective LRP.  

 

In the first part, the GLNPSO algorithm is applied to solve single objective CLRP. The 

main focus is the design of solution representation for LRP and the design of decoding 

method to convert particle into solution. In this research, the position of a multi-

dimensional particle is used to represent depots and customers. Two decoding methods 

are proposed to transform particle into solution. Decoding method 1 finds solution by 

determining depot location, customer assignment, and route construction. Decoding 

method 2 starts by first forming clusters of customers, then selects the depot location 

and assigns customers to depots, and finally constructs the routes. For both the decoding 

methods, each particle is decoded into location decision and vehicle routes 

simultaneously. The proposed algorithm is tested on a set of published benchmark 

problem instances and the experimental results show that the solution quality is good for 

large problem instances and a total of 9 new best solutions are identified. Additional 

four performance indices are also proposed to assess the operational performance of the 

location selection and the route forming decisions.  

 

In the second part, Pareto based MOPSO algorithm is applied to solve multi-objective 

LRP by searching for a set of non-dominated solutions. The two objectives considered 

are to minimize the total cost and to maximize the total demand served. Under the 

framework of MOPSO, a mixture of 4 subgroups of particles in a swarm with 

corresponding movement strategy and storage for elite group are used to search for the 

Pareto front. The same solution representation for the single objective case is used with 

two modified decoding methods to search for the Pareto front. The experimental results 

demonstrate that the proposed algorithm can effectively provide nice Pareto front for 

most test problem instances by both decoding methods but with different solution 

quality. A measurement of metric    is also used to further differentiate the performance 

differences between the two decoding methods, and a big performance gaps between 

Pareto based MOPSO with the weighted aggregation method. 

 

In the third part, an adaptive large neighborhood search is considered to be combined 

with GLNPSO to improve the solution quality for CLRP. Solutions (the personal best 

for each particle and the global best for a swarm) obtained by GLNPSO are used as the 

initial solutions for ALNS. Three kinds of neighborhood search of 0-1 swap, 1-1 

exchange, and q option simultaneously are designed with both destroy and repair of 

current solution. Under a local search framework, in each iteration and for each particle 

the adaptive process is functioning by stochastically selecting one neighborhood 

according to the accumulated past performance (score) of three neighborhoods. The 

selected neighborhood is applied to current solution to get a new solution, and based on 

the comparison with current personal best solution and global best solution, the 

performance (score) of the selected neighborhood is counted on three levels, and the 

personal best solution is updated. After all particles are processed, the global best 

solution is updated for the iteration. The accumulated performance score of each 

neighborhood is reset after a predefined number of iteration and restarts with previous 
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solutions. The experimental results indicate that the solutions quality are improved for 

15 instances obtained via the decoding method 1 and 19 instances obtained via the 

decoding method 2 with slightly increased in computational time for both decoding 

methods. 
 

The contributions can be highlighted as follow. First, it successfully applied GLNPSO 

to solve the capacitated location routing problem with newly designed solution 

representation and two decoding methods. Second, four additional performance indices 

are proposed to further assess the solution performance for CLRP. Third, Pareto based 

MOPSO is successfully applied to find Pareto fronts for multi-objective LRP. Finally, 

Adaptive Large Neighborhood Search is combined with GLNPSO into GLNPSO-ALNS 

and improve the solution quality with only a slight increase in computational time.  
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CHAPTER 1  

INTRODUCTION 

 

1.1 Background 
 

Location routing problem (LRP) is a problem that simultaneously considers three 

decisions: (1) the selection of facility locations such as factories, warehouse, depots, and 

distribution centers, etc.; (2) the allocation of customer demands to facilities; and (3) the 

formation of transportation routes to serve customers from selected facilities. LRP is so 

important in many practical applications and it is found in various industrial sectors, 

including retailing, delivery services, storage and postal services, manufacturing and 

product distribution, disaster relief, waste collection, and so on. 

 

LRP is first described by Perl and Daskin (1984). The common definition of the 

location routing problem (LRP) is that it analyzes the location allocation problems while 

simultaneously paying special attention to the underlying issues of vehicle routing.LRP 

is an agglomeration of these two sub-problems, strategic location-allocation problem 

(LAP) and operational vehicle routing problem (VRP). In early literatures, LAP and 

VRP are considered independent until the 1980's when several researchers started to 

recognize the interdependence of the two problems, (Jacobsen and Madsen (1980), 

Laporte and Nobert (1981), and Perl and Daskin (1984)). LAP could be viewed as a 

special case of LRP where the routes between the depot and customers is straight-and-

back and the shipments is in the form of Full Truck Load shipments (FTL). VRP could 

also be viewed as a special case of LRP for the cases where the depot is fixed or 

preselected and the decision is only to form the routes for shipment between the depot 

and customers. There are two main comprehensive reviews on LRP, one is given by 

Nagy and Salhi (2007), and the other by Min et al. (1998) on the synthesis of LRP study 

with a hierarchical taxonomy and classification scheme as well as different solution 

methodologies. 

 

This research considers a general LRP with homogeneous fleet and with capacity 

constraints on both depots and vehicles (CLRP). Various solution methods were 

proposed with different performance levels for solving CLRP. Some of the popular 

algorithms are GRASP, MAPM, LRPTS (Prins et al., 2006a, 2006b, 2007) and 

clustering based sequential algorithm (Barreto et al., 2007).They are not effective for 

solving large size problem instances. Recently, some new heuristics have been proposed 

and had been proven to be more effective for solving large size problems. These 

heuristics include SALRP by Yu et al. (2010), GRASP+ILP by Contardo et al. (2011a), 

2-phase HGTS by Escobar et al. (2013), and MACO by Ting and Chen (2013). 

 

This research considers a capacitated location routing problem with multiple objectives. 

The multi-objective LRP had been studied and had been a popular research topic in 

recent years for it reflects many of the real-world decision-making situations that 

require trade-offs  for more than a single objective. Different considerations on the 

multi-objective LRP based on various conditions are discussed in the literature review 

section.  
 

The particle swarm optimization with multiple social terms (GLNPSO, see 

Pongchairerks and Kachitvichyanukul, 2009a)had been successfully applied to solve 

many difficult NP-hard problems, such as vehicle routing problem (VRP) by Ai and 
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Kachitvichyanukul (2009a,b,c,d), job shop scheduling problem (JSP) by  

Pratchayaborirak and Kachitvichyanukul (2011). This research proposes an algorithm 

based on GLNPSO to solve CLRP and a Pareto based approach based on MOPSO is 

adopted to solve multiple objectives CLRP problems. 

 

1.2 Problem Statement 

   

This research considers a capacitated location routing problem (CLRP) in its most 

general form where the potential depots have limited capacity and customers are 

distributed discretely; the homogeneous fleet type and unlimited number of vehicles are 

considered along with constraints on capacity. 

 

A discrete capacitated location-routing problem with two-echelon (depot and customer) 

is shown in Fig.1.1. The locations of customers are distributed randomly. The location 

of depots must be selected and the routes must be formed for shipment to customers on 

the basis of customers’ requirements and the geographical distribution under the 

restrictions listed below. 

 

1. each customer is supported by a single source 

2. each customer is served by exactly one vehicle 

3. each vehicle is used for at most one route 

4. each route begins and ends at the same depot 

5. each route passes exactly from one depot 

6. each route only has one delivery request 

 

 

The decision problem is to simultaneously determine the number and location of depots, 

the assignment of customers to depot, the number of vehicles and theirs corresponding 

delivery routes so as to minimize the total cost. The total cost includes the fixed cost for 

depot-construction, the delivery cost, and the fixed dispatching cost.  

 

In addition to the total cost, there might be other objective to consider. For instances, 

there might be a limit on how much demand can be delivered due to limitation on the 

capacity of vehicles. The second part of this research extends the solution to handle 

 

Figure 1.1 Multi-depot location routing problem 
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multiple objectives CLRP. An alternative approach may be required in order to consider 

the second objective. 

 

The key focus in this research is to develop an efficient and effective solution 

methodology for CLRP with single and multiple objectives. This research proposes an 

algorithm based on GLNPSO for single objective CLRP and an algorithm based on 

Pareto based MOPSO for multi-objective CLRP. This research will explore their 

potential to achieve high solution quality within the reasonable computational time for 

CLRP. 

 

The research questions to guide this study are: 

 

A. Can an algorithm based on GLNPSO provides high quality solutions 

efficiently for solving CLRP? 

B. How to design a Pareto based MOPSO to efficiently search for Pareto front 

for multi-objective CLRP? 

 

1.3 Objectives 

 

The overall objective of this research is to develop effective and efficient algorithms for 

solving single-objective and multiple-objective CLRP, especially for large-size 

problems. To achieve the main objective, the following subtasks are defined. 

 

a. Formulate single objective and multiple objectives CLRP models with constraints 

 

b. Develop, implement, and test algorithms based on GLNPSO for solving CLRP 

 

c. Develop, implement, and test algorithms based on MOPSO for Multi-objective 

CLRP  

 

d. Compare performances of the proposed algorithms developed in b. and c. with 

previously published algorithms 

 

1.4 Scope and Limitations 

 

Scope and limitations of this research are listed as follows: 

 

 This research only focuses on a two-echelon system, considering only depot (facility) 

layer and customer layer. Supplier and manufacturing layers are not included. 

 

 Dataset is limited to the published benchmarks, no practical problem from industrial 

sectors is applied to test the algorithms of GLNPSO and Pareto-based MOPSO. 

 

1.5 Contributions and Publications 

 

The main contributions of this dissertation can be highlighted as follows: 

 

1. This research first applies a GLNPSO-based algorithm to solve general capacitated 

location routing problem, Under the GLNPSO framework, the position of a multi-

dimension particle is used to represent depot element and customer element and two 
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decoding methods for converting particle into CLRP solution are developed. The 

experimental results demonstrate that the proposed algorithm can find good CLRP 

solutions for medium and large problem instances. The performance of GLNPSO is 

comparable to existing algorithms of SALRP, GRASP+ILP, MCOA. 

2. Four additional performance indices are proposed as additional indicators to help 

further assess the operational performance of the location selection and route 

forming decision for CLRP. These indices include depot utilization (α), vehicle 

utilization (β), workload per distance unit (γ), and average service level (ε). 

3. This research also considers CLRP with two conflicting objectives to minimize total 

cost and to maximize total customer demand served. Pareto-based MOPSO with two 

modified decoding methods successfully solves bi-objective CLRP. The algorithm is 

tested on a set of modified benchmarks with an additional limit on the number of 

vehicles. Computational experiments demonstrate that the Pareto based MOPSO is a 

competitive approach that yields high quality Pareto front. 

4. This research also combines the adaptive large neighborhood search (ALNS) with 

GLNPSO into GLNPSO-ALNS algorithm for solving CLRP. The ALNS is applied 

to the solutions obtained by a swarm of particles after running GLNPSO. Three 

kinds of neighborhood search of 0-1 swap, 1-1 exchange, and q option 

simultaneously are designed with both destroy and repair function. Experimental 

results show that GLNPSO-ALNS can help improve solutions obtained by 

GLNPSO with only a slightly longer computational time.  

 

A total of 5 research manuscripts have been prepared and submitted for publication 

based on the research works of this dissertation, the papers are listed below: 

 

1. Jie Liu and Voratas Kachitvichyanukul, Particle swarm optimization for solving 

location routing problem, Proceedings of the 13th Asia Pacific Industrial Engineering 

and Management Systems Conference (APIEMS 2012), Phuket, Thailand, December, 

2012 

 

2.Jie Liu and Voratas Kachitvichyanukul, A new solution representation for solving 

location routing problem via particle swarm optimization, Proceedings of the Institute of 

Industrial Engineers Asian Conference 2013, Taipei, Taiwan, July, 2013 

 

3. Jie Liu and Voratas Kachitvichyanukul, A Particle Swarm Optimization Algorithm 

for the Capacitated Location-Routing Problem, International Journal of Operational 

Research, (article in press) 

 

4. Jie Liu and Voratas Kachitvichyanukul, Pareto-Based PSO Algorithm for Multi-

Objective LRP, Proceedings of the 15th Asia Pacific Industrial Engineering and 

Management Systems Conference (APIEMS 2014), Jeju, Korea, October, 2014 

 

5. Jie Liu and Voratas Kachitvichyanukul, A Pareto-based particle swarm optimization 

algorithm for multi-objective location routing problem, International Journal of 

Industrial Engineering: Theory, Applications and Practices, (Submitted for review) 
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1.6 Organization 

 

The remainder of this paper is organized as follows: 

 

Chapter 2 covers the mathematical models of CLRP and the literature reviews on the 

relevant solution methods. Chapter 3 describes in details the proposed algorithm based 

on GLNPSO to solve CLRP with the focus on the design of solution representation and 

decoding methods along with the results from the computational experiments. Chapter 4 

deals with a bi-objective CLRP using Pareto based MOPSO with modified decoding 

methods to search for a set of non-dominated solutions as well as the comparison of the 

Pareto fronts yielded from different decoding methods and from published heuristic  

methods. Chapter 5 introduces the adaptive large neighborhood search (ALNS) with the 

detailed descriptions of three neighborhoods and is combined as GLNPSO-ALNS to 

improve the solutions obtained from the GLNPSO-based algorithm. Chapter 6 provides 

the summary and conclusions of the research. 
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CHAPTER 2 

PROBLEM DESCRIPTION AND LITERATURE REVIEWS 

 
2.1 Location Routing Problem 

 

As mentioned in chapter 1, location routing problem (LRP) is a problem that 

simultaneously considers location selection (LAP) and routes formation (VRP) (Bruns, 

1998). The location, allocation, and routing decisions are jointly considered and the 

three decisions are interdependent and interacting with one another (Fig.2.1). To be 

specific, the decisions are 1) to find the optimal number and locations of the distribution 

centers, 2) to assign the customers to DCs, and 3) to determine the vehicle schedules 

and distribution routes, so as to minimize the total system costs, or maximize the 

customers demand. 

 

LRP arises in many real-life applications where simultaneous decisions must be made to 

satisfy requirements of both strategic (LAP) and operational decisions (VRP). Table 2.1 

gives some examples of its applications. 

 

Table2.1 Cases of LRP application 

References Application area Country facility customer 

Watson-Gandy and Dohrn 

(1973) 

Food and drink 

distribution 

United 

Kingdom 
40 300 

Jacobsen and Madsen 

(1980)  
Newspaper distribution Denmark 42 4510 

Nambiar et al. (1981) Rubber plant location Malaysia 15 300 

Labbe' and Laporte 

(1986)  
Postbox location Belgium 

Not 

given 

Not 

given 

Kulcar (1996)  Waste collection Belgium 13  260 

Murty and Djang (1999)  
Military equipment 

location 
United States 29  331 

Chan et al. (2001) Medical evacuation United States 9  52 

Lin et al. (2002) Bill delivery Hong Kong 4  27 

Lee et al. (2003)  Optical network design Korea 50  50 

Wasner and Za¨pfel 

(2004) 
Parcel delivery Austria 10  2042 

Billionnet et al. (2005)  
Telecom network 

design 
France 6  70 

 

Figure 2.1 Interdependence among location, allocation and routing 

decision(Perl,1983) 
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Gunnarsson et al. (2006) Shipping industry Europe 24  300 

 

2.1.1 Location allocation problem and vehicle routing problem 

 

(1) Location allocation problem (LAP) 

 

Location allocation problem (LAP) is a classical problem that deals with important 

strategic decision in the design of logistic systems as discussed by Cooper (1963). The 

decision on where to place service facilities is coupled with the determination of how to 

assign service demand to the selected facilities in order to achieve higher resource 

utilization.  

 

Literatures on location allocation problems are numerous with many detailed cases 

discussed in Gen and Cheng (2000). Different LAP models were presented by Badri 

(1999), Hodey et al. (1997) and numerous algorithms have been designed to solve LAP. 

For instances, branch-and-bound (Kuenne and Soland, 1972), simulated annealing 

(Murray and Church, 1996), p-Median plus Weber (Hansen et al., 1998), simulated 

annealing and random descent method (Ernst and Krishnamoorthy, 1999), Lagrange 

relaxation method and genetic algorithm (Gong, et al., 1995; Gong, et al., 1997). 

 

Compared with LRP, LAP could be viewed as a special case of LRP where the 

shipments from the depots to the customers are in the form of Full Truck Load 

shipments (FTL) as depicted in Fig.2.2. As a result, the routes between the depot and 

customers are straight-and-back with all customers directly linked to a depot and one 

vehicle only serves one customer. In short, LAP is a strategic decision problem and it is 

an NP-hard problem, see Averbakh and Berman (1994), Owen and Daskin (1998). 

 

 

Figure 2.2 The location allocation problem 
 

(2) Vehicle routing problem (VRP) 

 

The Vehicle Routing Problem (VRP) can be described as the problem to design optimal 

delivery or collection routes from one or several depots to a number of geographically 

scattered cities or customers subject to site constraints. It is first proposed by Dantzig 

and Ramser (1959) as “truck dispatching problem”. It is also described as an important 

operation problem in the field of physical distribution and logistics (Laporte, 1992). 
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Literatures on VRP are enormously rich. Some notable literatures included: Dantzig and 

Ramser (1959) for Capacitated VRP (CVRP); Liu and Shen(1999); Russell and Chiang 

(2006) for VRP with time windows (VRPTW); Gendreau et al. (1999), Tarantilis et al. 

(2004) for Heterogeneous Fleet VRP (HVRP); Nagy and Salhi (2005) for VRP with 

Simultaneous Pickups and Deliveries (VRPSPD). In addition, recent literatures focused 

on solution method such as evolutionary algorithms which were applied to solve VRP. 

For instances, genetic algorithm (Baker and Ayechew, 2003, Berger and Barkaoui, 

2003); ant colony optimization (Bullnheimer et al., 1999; Reimann et al., 2004); particle 

swarm optimization (Ai and Kachitvichyanukul, 2009a,b,c,d, MirHassani and 

Abolghasemi, 2011). 

 

Compared with LRP, VRP could also be viewed as a special case of LRP where the 

depot is fixed and the only decision is to determine how to efficiently ship the goods 

between the depot and customers that required service. VRP is also an NP-hard 

problem, see Laporte (1992), Toth and Vigo (2001). 

 

 

Figure 2.3 The vehicle routing problem 
 

2.1.2 Location routing problem 
 

LRP is a combination of LAP and VRP and it contains all the characteristic of both LAP 

and VRP. LRP is an NP-hard problem (Nagy and Salhi, 2007), but it is much more 

difficult because it integrates strategic decision of LAP and operational decision of VRP 

and tackles both decisions simultaneously. In many real-life applications, models and 

algorithms for LRP are evaluated on both the solution quality and the solution time.  

 

There are many factors to be considered in LRP. For instances, objective type, input 

data type, fleet type, etc. A summary of the classification of LRP is listed in Table 2.2. 

 

Table2.2 Classification of LRP 
 Demand: deterministic or stochastic 

 Objective: single or multiple 

 Type: delivery only or pickup and delivery 

 Depot: single or multiple 

 Fleet type: homogeneous or heterogeneous 

 

http://www.sciencedirect.com/science/article/pii/S0305054803000145
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The relevant literatures on LRP are classified based on the attributes above and are 

listed below in Table 2.3. 

 

Table2.3 Summary of LRP literature 

authors year Probl

em 

type 

depot Fleet  

type 

delive

ry 

object

ive 

Methods 

A

1 

A

2 

B

1 

B

2 

C

1 

C

2 

D

1 

D

2 

E

1 

E

2 

 

Laporte  

et al. 

1988  Y    Y  Y   Y   Y   Branch and bound  

Tuzun and 

Burke  

1999 Y  Y  Y  Y  Y  two-stage Hierarchical 

and TS  

Wu et al. 2002 Y   Y  Y Y  Y  iterative method and SA 

and TS 

Caballero 

et al. 

2007 Y   Y Y  Y   Y TS under adaptive 

memory procedure, to 

convert MO into SO 

Liu and 

Lee  

2003   Y   Y  Y   Y   Y   two-stage Hierarchical 

algorithm 

Lin and 

Kwok 

2006 Y   Y Y   Y  Y Tabu search and 

simulated annealing to 

find Pareto frontier 

Barreto 

et al. 

2007 Y  Y  Y  Y  Y  cluster method, TSP, 

savings method and 3-

opt  

Hassan-

pouret al. 

2009   Y   Y  Y  Y    Y  SA, crossover genetic 

operators based on 

Pareto fronts  

Rath and 

Gutjahr 

2014 Y   Y Y  Y   Y Adaptive epsilon-

constraint algorithm, to 

convert MO into SO  

Karaoglane

t al. 

2012  Y    Y  Y    Y  Y   two-phase algorithm tp-

SA for two phases  

Ting and 

Chen 

2013 Y   Y Y  Y  Y  Multiple ant colony 

optimization 

This 

proposed 

research 

2014 Y   Y Y  Y  Y Y GLNPSO for CLRP 

Pareto based MOPSO 

for multi-objective LRP 

A1: deterministic   B1: single depot      C1: homogeneous       D1:only delivery          

E1: single objective               

A2: stochastic        B2: multi-depot     C2: heterogeneous      D2:delivery and pickup    

E2:multi-objective 

two papers summary LRP 

1.Nagy and Salhi(2007), the summary of definition, development, variants, methods, 

and future work 

2.Min et al. (1998), the overview of taxonomy, classification, algorithmic development, 

and future direction 
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2.2 Capacitated Location Routing Problem 
 

2.2.1 Problem description 
 

This research considers the capacitated location routing problem (CLRP) as defined 

below: 

 

Let G=(N, A) be a complete directed network where N = NONC is a set of nodes in 

which NO and NC represent the potential depot nodes and customers nodes respectively, 

and A = {(i, j): i, j∈N} is the set of arcs. Each arc (i, j)∈N has a nonnegative cost 

(distance) Cij and triangular inequality holds (i.e., dij+djk ≥ dik). A capacity Vi and a fixed 

cost Gi are associated with each potential depot k∈NO. An unlimited fleet vehicles with 

capacity Qk and fixed operating cost Fk including the cost of acquiring the vehicles used 

in the routing is available to serve the customers. Each customer i∈NC has delivery (ej) 

demands, with 0<ej≤ Qk. 

The problem is to determine the locations of depots, the assignment of customers to 

opened depots and the corresponding vehicle routes with minimum total cost under 

these constraints. 

 

Given the definitions of sets, parameters, and decision variables, the objective function 

and constraints can be written as shown in equations 2.1 - 2.8 below. 

 

Sets and Parameters  

I set of all potential depots, {1,…,m}  

J set of all customers, {1,…,n}  

K set of all vehicles, {1,…,k}  

dij distance between node i and j, i, j∈I ∪J  

Cij cost per mile of delivery  

ej demands required by customer j  

Gi fixed cost of establishing depot i  

Vi maximum throughput at depot i  

Fk fixed cost of using vehicle k  

Qk capacity of vehicle(route) k  

   

Decision Variables 

       
                                                      ∈  ∪   
                                                                                                           

   

     
                              
                                        

   

      
                                      
                                                             

   

 

       

 ∈ 

            

 ∈  ∈ ∪  ∈ ∪ 

        

 ∈ 

      

 ∈  ∈ 

      (2.1) 

constrains (refer to Prins et al., 2007)  

       

 ∈ ∪  ∈ 

          ∈   
(2.2) 



11 

 

    
 ∈ 

     

 ∈ ∪ 

           ∈   (2.3) 

    
 ∈ 

                  ∈   (2.4) 

      

 ∈ ∪ 

      

 ∈ ∪ 

          ∈  ∪     ∈   (2.5) 

       

 ∈  ∈ 

          ∈   (2.6) 

       

 ∈  ∈ 

              ∈     ∈   (2.7) 

                  

 ∈ ∪ 

          ∈     ∈     ∈   (2.8) 

 

Constraints (2.2) guarantee that every customer belongs to only one route and that each 

customer has only one predecessor in the route. Capacity constraints on depot and 

vehicle are satisfied through inequalities (2.3) and (2.4). Constraints (2.5) and (2.6) 

ensure the continuity of each route and a return to the depot of origin. Constraints (2.7) 

are sub-tour elimination constraints. Constraints (2.8) specify that a customer can be 

assigned to a depot only if it is opened when linking a route. 

 

2.2.2 Reviews of solution methods for CLRP 

 

The solution methods to solve CLRP include both algorithms based on exact methods 

and heuristic algorithms. Some relevant references are reviewed next. 

 

The first exact algorithm for the general LRP is by Laporte and Nobert (1981), a 

branch-and-bound algorithm is used to solve a single depot with a fixed number of 

vehicles. There are four kinds of exact algorithms applied for LRP. They are Branch and 

Bound (Laporte and Nobert, 1981), Dynamic programming (Averbakh and Berman, 

1994), Integer programming (Laporte et al., 1986), and Nonlinear programming (Ghosh 

et al., 1981). As the solution time of exact methods increase exponentially with the size 

of problem, Laporte et al. (1988) concluded that at most location-routing instances with 

up to 40 potential depot locations or 80 customers could be tackled. 

 

With the advent of computer hardware and software, the ability of exact method to 

solve problem is also further improved. Belenguer et al. (2011) proposed a branch-and-

cut algorithm based on a two-index integer programming formulation and a family of 

valid inequalities. It can solve instances with up to 50 customers to optimality. Baldacci 

et al. (2011) introduced a new branch-and-price algorithm based on a set partitioning-

like formulation, with a bounding procedure to decompose LRP into multi-capacitated 

depot VRP. It can solve problems with up to 199 customers and 15 facilities and yielded 

optimality in 50 out of 60 instances and it outperforms Belenguer et al. (2011). Akca et 

al. (2009) proposed a branch-and-price algorithm and Contardo et al. (2011b) 

developed a branch-and-cut-and-price algorithm and two bounding procedures that are 

applied sequentially to reduce the CLRP to MDVRP. With the use of the new cuts of 

the efficient pricing algorithms, this method dominated the approach by Baldacci et al. 

(2011) in that it can reach optimality in four previous instances. 
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However, as it is well known that the exact methods cannot solve large size problem in 

reasonable solution time, many heuristics and meta-heuristics based methods were 

developed to provide good solutions for large problems and some of the key results are 

reviewed here. 
 

Three heuristic solution methods were developed for CLRP: greedy randomized 

adaptive search procedure (GRASP) by Prins et al. (2006a), memetic algorithms with 

population management (MAPM) by Prins et al. (2006b), and cooperative Lagrangean 

relaxation with Tabu search (LRGTS) by Prins et al. (2007). 

 

The GRASP procedure is carried out in two phases. In the first phase, a GRASP is 

executed based on a randomized version of Clark and Wright algorithm (Clark and 

Wright 1964), with a learning process on the choice of depots. In the second phase, new 

solutions are generated by using re-linking path in a post-optimization procedure. 

 

For MAPM, GA is hybridized with local search and the population of chromosome is 

managed based on a dynamic distance measure in the solution space in order to 

diversify the population for good solution quality. For LRGTS, an iterative process is 

applied to solve the depot choice problem by Lagrangean relaxation and to solve the 

routing decision problem by Granular Tabu Search (GTS). 

 

Compared these three algorithms, LRGTS outperformed GRASP and MAPM, 

especially on most large size problem instances (100, 200 customer), and it is the fastest 

method (around 5 times faster than GRASP and MAPM). While MAPM outperforms 

GRASP and is competitive with LRGTS only on small and medium size problem 

instances (20, 50 customers), GRASP is able to reach optimality for small size instances 

(20 customers). 

 

Other heuristics and meta-heuristics applied to CLRP include Barreto et al. (2007) 

which adopted a three-phase sequential heuristic based on clustered analysis, and 

Duhamel et al. (2008) which hybridized GA with local search (GAHLS). Both methods 

are only effective for small and medium size problems. 

In recent years, several new algorithms for CLRP had been developed for solving large 

size problems. The solution quality and efficiency are greatly improved.   

 

Yu et al. (2010) applied simulated annealing based heuristic with a special solution 

encoding that integrate location and routing selections (SALRP). Initial solutions are 

found via greedy method and a random neighborhood structure featuring various types 

of moves is applied after each temperature reduction. Compared with previous 

algorithms reviewed above, the performance of SALRP is the best with 0.41% of the 

average deviation to BKS (Ting and Chen, 2013) and with BKS reached in 10 problem 

instances. It also provides robust solutions with the lowest percentage gap. However, 

the computational time of SALRP is much longer than that of LRGTS.  

 

Ting and Chen (2013) developed a multiple ant colony optimization algorithm (MCOA) 

with a hierarchical structure and different transition rules for different ant colonies. The 

upper level is for location allocation sub-problem while the lower level is for multi-

depot VRP. The cooperation between upper and lower level is performed through the 

global pheromone updating rule. The results show that it can solve large size problem 
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effectively and it outperformed SALRP and ALNS for solving instances with 200 

customers. The solution is robust with average gap of less than 1.5%. The 

computational time is longer but is still reasonable for large size problems. 

 

Hemmelmayr et al. (2012) proposed an adaptive large neighborhood search heuristic 

(ALNS) for solving LRP. New neighborhood search operators (destroy operator and 

repair operator) are developed by considering multi-level nature of LRP. It yielded one 

new best known solution for instance with 200 customers, 16 solutions tied with BKS 

(Ting and Chen, 2013) mostly for small and middle size instances. The performances 

for solving large size instances are comparable to LRGTS, but worse than SALRP, 

MCOA. The computation times are close to those of SALRP but much faster than those 

of MCOA. 

 

Escobar et al. (2013) developed a two-phase hybrid heuristic algorithm (2-phase 

HGTS). It is consisted of a construction phase to build initial solution and an 

improvement phase to improve solution quality based on a modified granular Tabu 

search that included different diversification strategies and a random perturbation 

procedure to avoid local optima. The 2-phase HGTS outperformed SALRP, MCOA, 

and ALNS in large size problem instances with 200 customers, and yielded 2 new best 

solutions for instances with 200 customers. Its computational times are close to MCOA 

but are much longer than those of SALRP and GRASP+ILP. 

 

Other important algorithms include Duhamel et al. (2010) and Contardo et al. (2011a). 

Duhamel et al. (2010) hybridized GRASP with evolutionary local search (ELS) and 

performing the searches within two spaces of giant tour and CLRP alternately. The 

solution quality is not as good as those by LRGTS and SALRP, but the computational 

times are much faster than those of SALRP. Contardo et al. (2011a) use a new 

algorithm based on GRASP, followed by the iterative solution of a new ILP model, the 

location-reallocation model considering location and routing decision simultaneously. 

Experiment results demonstrated that the gaps over BKS for large size problems are the 

smallest among all heuristics mentioned above with 2 new best solutions found for 

instances with 200 customers (Ting and Chen, 2013). However, the computational time 

is nearly 5 times longer than that of MCOA and 2-phase HGTS. 

 

2.2.3 Particle swarm optimization (PSO) 

 

Particle swarm optimization (PSO) is a population based meta-heuristic proposed by 

Kennedy and Eberhart (1995) which imitates the physical movement of birds or fish in a 

swarm as the searching mechanism. It conducts the search by using a swarm of particles 

in a multi-dimension space, each particle represents a candidate solution corresponding 

to a specific problem, and each particle is characterized by its velocity and position in 

the multi-dimension space. First, particles in a swarm are initialized with random 

positions and velocities. In each iteration, the position is updated based on the velocity 

and the velocity is updated after the particle moved to a new position and the personal 

best and global best positions are updated. The velocity is modified in each iteration 

based on the current experience, best experiences (including personal best position 

(   ), global best position(   )). The standard equations for the updates of velocity and 

position are given in equations 2.9 and 2.10 (Shi and Eberhart, 1998). The search will 

terminate when the stopping criterion is met, the global best position is the best solution 

found by the algorithm. 
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                                                             (2.9) 

                         (2.10) 
 

PSO is an evolutionary algorithm just like GA. But unlike GA, PSO does not use 

crossover and mutation to generate new solutions, but relies on the velocity and position 

to generate new solutions. Particle in swarm has memory of its personal best and the 

swarm has memory of its global best position and this information is shared to all 

particles. Since the global best particle exerts its influence on all particles, PSO has the 

tendency to converge quickly to a local optimum; this is one of the known weaknesses 

of PSO. 

 

PSO-based algorithm has been applied in recent years to solve many difficult 

optimization problems successfully. In this research, a variant of PSO, GLNPSO 

proposed by Pongchairerks and Kachitvichyanukul (2009a), is adopted to solve CLRP. 

GLNPSO is a PSO algorithm that incorporates multiple social learning terms. It 

includes not only the global best term(  ), but also the local best term(  
 ) and the 

near-neighbor best term(   
 ). The tested results demonstrated that GLNPSO can 

converge to optimal solution so much faster than standard PSO that it requires far less 

iteration to reach the same level of accuracy, formulas 2.11, 2.12 are the velocity and 

position formula for GLNPSO. 

 

                                     

                          
         

         
          

(2.11) 

                          (2.12) 

Where   

ωlh(τ+1) velocity of l
th

 particle at the h
th

 dimension in the (τ+1)
th

 iteration  

θlh(τ+1) position of of l
th

 particle at the h
th

 dimension in the (τ+1)
th

 iteration  

W inertial weight  

cp/ cg 

/cl/ cn 

acceleration constants for personal, global, local, near neighbor best 

position  

 

 

GLNPSO had been successfully applied to many difficult NP-hard problems. 

Pongchairerks and Kachitvichyanukul (2009b) applied GLNPSO for job shop 

scheduling problem with make-span minimization while Pratchayaborirak and 

Kachitvichyanukul (2011) applied two-stage GLNPSO to minimize both the make-span 

and the weighted tardiness for job shop scheduling problem. Ai and Kachitvichyanukul  

(2009a, b, c, d) utilized GLNPSO to solve various variants of VRP effectively. 

Sombuntham and Kachitvichyanukul (2010) cover VRPSPD problem. Other industrial 

engineering applications of GLNPSO include Sooksaksun, Kachitvichyanukul and 

Gong (2012) for warehouse design problem, and Kasemset and Kachitvichyanukul 

(2012) for multilevel job shop scheduling problem. Ai and Kachitvichyanukul  (2009a, 

b, c, d) reported that the best solution by GLNPSO are better than the corresponding 

best-known solutions in almost all instances, and that GLNPSO method is robust 

because the variation of solutions over replications are very consistent with small 
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standard deviation. They also emphasize the importance of solution representation and 

the effective decoding implementation of GLNPSO. 

 

However, only Marinakis and Marinaki (2008) hybridized the basic PSO with three 

meta-heuristic algorithms to solve LRP. A modified multiple phase neighborhood 

search-greedy randomized adaptive search procedure (MPNS-GRASP) is used to 

initialize the population and to give better solutions. The expanding neighborhood 

search is used as a local search to lead to fast and efficient algorithm and to reduce the 

computational time. A path re-linking strategy is used to move the particles from current 

position to best position. However, this method is quite complicated and it is not the real 

PSO application because it does not utilize the searching mechanism of updating 

velocity and position of particles. As a result, no real PSO-based algorithm has been 

applied to solving LRP and related problem. 

 

This research proposes an algorithm based on GLNPSO for solving CLRP and the 

details is given in the next chapter. 

 

 

2.3 Multi-Objective Capacitated Location Routing Problem 

 

2.3.1 Problem description 

 

This research also extends the single objective CLPR model to cover a multi-objective 

capacitated location routing problem. The additional objective to maximize the 

customer demand served is considered to handle the constraints where there are capacity 

limits on both the vehicle capacity as well as the number of vehicles.  

 

The input parameters, index sets, decision variables, and the first objective used in the 

model are same with those for single objective CLRP, refer to chapter 2.2.1, only the 

second objective of the maximal demand satisfied is added in this model. 

 

The second objective is to maximize the demand satisfied  

Where           

 ∈  ∈ 

 
(2.13) 

 

The constraints are same with CLRP, refer to formula 2.2-2.8. 

 

In general, the more the customer demand served, the higher the total cost. To balance 

these two objectives, a set of non-dominated solutions would be required to give 

different total cost and demand satisfied with customer selection and assignment, the 

depot selection, and routing schedule. 

 

2.3.2  Literature reviews on methods for solving multi-objective CLRP 

  

To deals with problems with multiple conflicting objectives, a general approach is to 

find the set of acceptable solutions that provide tradeoffs among the conflicting 

objectives. The set of acceptable solutions contain non-dominated solutions, which are 

solutions that satisfied the condition that no other solution exists that dominated them. 

Mathematically, given two decision vectors      ∈    for a problem in which all K 

http://link.springer.com/search?facet-author=%22Yannis+Marinakis%22
http://link.springer.com/search?facet-author=%22Magdalene+Marinaki%22
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objectives are to be minimized, the vector    is considered to dominate vector    (denoted 

     )( Zitzler and Thiele, 1999), i.e., 

 

         ∈     
                                                                 (2.14) 

 

The set of non-dominated solutions is also called the Pareto front and it is illustrated in 

Fig.2.4 for problem in which the two objective functions are to be minimized. 

 

 

Figure 2.4 Pareto front or set of non-dominated solutions 

(Nguyen and Kachitvichyanukul, 2010) 

 

Two solution approaches are developed to solve multi-objective optimization 

(Chankong et al., 1985, Ngatchou et al., 2005). The first is the classical approach in 

which an MO problem is converted into an SO (single objective) problem. This can be 

done by either aggregating the objective functions into one objective function or by 

optimizing one objective function and treating the others as constraints. Three important 

methods include weighted aggregation, goal programming and ε-constraint. These 

methods are relatively simple but their limitations are too noticeable. This solution 

approach is depended on subjective decision or prior information to give the relative 

weights of the objective functions. Each set of weights can only yield a single 

aggregated solution and the problem must be solved repeatedly with various sets of 

weights to obtain multiple tradeoff solutions. These obtained solutions are sensitive to 

the shape of the Pareto front. 

 

The second approach attempts to directly generate the set of non-dominated solutions by 

considering all objectives simultaneously. It include non-Pareto-based approach, such as 

VEGA (vector evaluated genetic algorithm) by Schaffer (1985), and Pareto-based 

approach, such as MOGA(multi-objective GA) by Fonseca and Fleming (1993), NSGA-

II (non-dominated sorting GA) by Deb et al. (2002), NPGA (Niched Pareto GA) by 

Hornet al.(1994), SPEA(strength Pareto EA) by Zitzler and Thiele (1998). A weakness 

of non-Pareto-based approach is that it cannot generate compromise solutions and it is 

sensitive to the shape of the Pareto front. For Pareto-based method, it has advantages in 

that it can solve ill-posed problem, not susceptible to the shape of Pareto front, and it is 

highly efficient in generating multiple solutions in a single run. In addition, with the 

adoption of meta-heuristics, the efficiency, the search ability, and the flexibility for 

handling various models have been much improved. Hence, recent research interests 

focus more on the search of Pareto front for MO problems.  
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PSO is extended to apply to search for Pareto front in multi-objective optimization 

problems (Nguyen and Kachitvichyanukul, 2010). The global best particle is no longer 

used as a reference point since the general search direction must be directed toward the 

Pareto front. For each particle, a reference point is selected from the candidates in the 

non-dominated solutions identified so far by the algorithm. Ways to select the reference 

point are call movement strategies, several movement strategies are proposed in this 

research to search for the non-dominated solutions. 

 

Literature on multi-objective LRP is quite sparse. Lin and Kwok (2006) applied Tabu 

search and simulated Annealing to tackle a multi-objective LRP considering total cost, 

vehicle load balance and working hour balance integrated with multiple use of vehicle. 

The solution method is divided into three phases of facility location, routing, and 

assignment of routes to vehicles. Tabu Search and Simulated Annealing are applied 

respectively to compare their performances under two versions: simultaneous routes and 

sequential routes. The non-dominated solutions found are stored as efficient frontier. 

Based on real data and simulated data, the results show that TS is superior to SA in 

simultaneous or sequential version, and both methods can generate more non-dominated 

solutions in simultaneous version than their sequential version. 

 

Caballero et al. (2007) presented a multi-objective LRP with 5 objectives. A meta-

heuristic is applied by using an adaptive memory procedure (MOAMP) where a Tabu 

search procedure is used to search solution from one objective to the next and make a 

number of Tabu search by generating N weighting vectors. The initial efficient points 

(compromise solutions) are then generated, an intensification step is next carried out 

around initial points, which form a cycle and the step is executed several times, finally 

the set of ideal compromised solutions are generated. This algorithm is highly flexible 

and easy (only consider encoding and neighborhood definition), and is much more 

efficient compared with exact method which need multiple resolutions to obtain an 

approximation of the efficient frontier. 
 

Moghaddam et al. (2010) decomposed LRP into two phases of LAP and routing and 

they are tackled iteratively. A population-based meta-heuristic named multi-objective 

scatter search (MOSS) is used in the routing phase to obtain a locally diverse Pareto-

optimal frontier. The non-dominated solutions found are stored in an adaptive Pareto 

archive, to prevent them from deterioration. Compared the Pareto fronts between from 

MOSS and from ETS (Elite Tabu Search, Caballero et al., 2007), the results show that 

MOSS outperforms the ETS in that the Pareto front is closer to the actual Pareto front 

with a higher number of locally diverse non-dominated solutions for both small-size 

problems (number of customers 5 or 10) and large-sized problems (number of 

customers 20 or 40). 
 

Rath and Gutjahr (2014)solved a multi-objective LRP with three objective functions: 1) 

to minimize opening cost, 2) to minimize operational cost, and 3) to maximize covered 

demand. Adaptive epsilon-constraint algorithm (AECA) is the basic approach to convert 

multi-objective problem into single objective problem. The constraints are generated by 

a VNS (variable neighborhood search) and stored in a constraint pool; a constraint pool 

heuristic built on an MILP formulation is used for large problem instances to improve 

the efficiency. The experiments with large test instances of the real-world case show 

that constraint pool heuristic approach outperforms both a MILP and NSGA-II with 

greedy procedure.  
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2.3.3 Pareto based MOPSO 

 

In Pareto-based MOPSO, particles in the swarm and the particles in the Elite archive are 

processed by a non-dominated sorting procedure to identify the non-dominated particles 

and store them in the Elite archive. Since the Elite archive may contain more than one 

particle, how to select particle from the Elite archive as reference particle for the swarm 

became an issue. The use of reference particle from the Elite archive to guide the swarm 

ensures that the swarm is moving towards the general direction of the Pareto front.  

 

The term movement strategy is defined by Nguyen and Kachitvichyanukul (2010) to 

describe different ways to select reference particle from the Elite archive. They 

proposed several movement strategies to guide the swarm toward the true Pareto front. 

The Pareto-based MOPSO is tested using standard test functions and such real world 

problems as engineering design problem and portfolio optimization problem. The 

experimental results showed robust solutions with high precision Pareto front and it 

outperformed NSGA-II. It was also applied successfully to solve multi-objective job 

shop scheduling problems (Wisittipanich and Kachitvichyanukul (2013)). This research 

will applied Pareto based MOPSO to solve multi-objective CLRP. 

 

 

2.4 Summary 

 

LRP is a very important decision problem in the supply chain and logistic systems. 

Three decisions of depot selection, customer allocation, and routing are interacted and 

interdependent. In this research, the focus is on the general capacitated location routing 

problem and the multi-objective capacitated location routing problem. The variants of 

LRP, such as stochastic LRP, dynamic LRP, LRP with heterogeneous fleet are not 

considered. 

 

GLNPSO is applied to solve both single objective and multiple objectives LRP. Several 

solution representations and decoding methods are proposed and are tested using 

published benchmark problems.  

 

The next chapters gives the details of these methods for solving single objective CLRP 

and multi-objective CLRP along with the results from the experiments using benchmark 

test problem instances. The performances of the proposed methods are compared with 

those of the competing methods. 
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CHAPTER 3 

PARTICLE SWARM OPTIMIZATION FOR THE CAPACITATED 

LOCAITION ROUTING PROBLEM 

 
This chapter discusses the proposed solution method for solving the capacitated location 

routing problem(CLRP). The solution method is based on GLNPSO, a variant of PSO 

with multiple social learning terms proposed by Pongchairerks and Kachitvichyanukul 

(2009a). The solution representation is proposed along with decoding methods and are 

illustrated with an example. The proposed algorithm is evaluated using published 

benchmark test problem instances and the computational results are presented. 

 

3.1 GLNPSO for Solving CLRP 

 

The algorithm proposed in this research is based on GLNPSO, a variant of PSO with 

multiple social learning terms proposed by Pongchairerks and Kachitvichyanukul 

(2009a). The design of solution representation and decoding methods are discussed 

here. One solution representation is designed to represent CLRP solution using the 

position of a particle. Two decoding methods are developed to convert position of a 

particle into a solution by considering all three decisions of location selection, customer 

assignment, and route construction. 

 

A sample of LRP with 3 depots and 18 customers is casted to illustrate the solution 

representation and the decoding methods. The spatial distribution of customers and 

depots for this sample problem is shown in Fig.3.1. 

 

 

3.1.1 Solution representation 

 

An indirect solution representation is proposed in this research. A solution is 

represented by the position of a multiple dimensional particle [θl1, θl2,…, θlH], with each 

element θli filled by a randomly generated real number in the interval [0,1]. This indirect 

representation must be transformed into a CLRP solution which consist of selected 

locations, customer assignment and vehicle routes via a decoding process. There are 

three elements in an LRP model: depots, customers, and vehicles. This research 

considers the case with homogeneous fleet and unlimited number of vehicles. Hence the 

 

Figure 3.1  LRP example: Spatial distribution of 3 depots and 18 customers 
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solution representation only requires elements for depots and customers. A sample 

particle is given with 3 depots and 18 customers in Fig.3.2 below. 

 

 

Based on Fig.3.2, the features of a particle is summarized as follow 

1. The particle contains two parts with a total of n+m dimensions for LRP 

problem with m depots and n customers; 

2. The first part of the particle is used to decode the depot priority list and 

second part is for customer priority list; 

3. The value in each dimension is encoded as a real number between 0 and 1; 

 

The decoding procedures of depot priority and customer priority are shown in Fig.3.3 

and Fig.3.4. Priority sequence is sorted in ascending order of the values. The 

dimensions of depots and customers are sorted separately. 

 

 

Figure 3.3 Depots priority of sample particle 

 

 

Figure 3.4 Customers priority of sample particle 

 

The advantage of this solution representation is that a vast variety of priority lists could 

be generated. Since it is possible to get numerous array combinations of n continuous 

numbers and m numbers, one combination leads to one priority list, a diverse set of 

location routing distribution can be generated. It is expected that the GLNPSO 

mechanism can move particles into diverse positions during its iterative process, so that 

diverse sets of location routing distribution can be evaluated during the execution of the 

algorithm. As a result, it will increase the possibility to find better solutions. 

 

3.1.2 Decoding method 1 

 

The decoding method 1 is proposed to convert solution representation (particle) into 

CLRP solution. The decoding is carried out sequentially by first determining depot 

location, then customer assignment, and lastly route construction. The flowchart of the 

overall steps is displayed in Fig.3.5 below. There are three main processes in the 

decoding method. The first is the pre-processing step to construct the Euclidian distance 

matrix between depots and customers and pair of customers. In step 1, the decisions are 

 

Figure 3.2 A sample particle for LRP example with 3 depots and 18 customers 
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made on the depot selection and customer assignment. In step 2, the route is constructed 

for a fix the number of vehicles. The full pseudocode of the proposed algorithm is given 

in Appendix A. The three processes are now described in more details. 

 

 

Figure3.5 Flowchart of decoding method 1 for CLRP 

 

Pre-processing: Construct two distance matrices 

 

To decode particles into solutions, two kinds of spatial information (Euclidian distance) 

would be considered based on the coordinates of depots and customers, one is relative 

position between the depot and customer, the other is based on distances between pair 

of customers. A location i is denoted as        , the Euclidian distance between any two 

locations         is given in equation (3.1). 

 

 

It is very common to allocate customers based on the proximity of the nearest distance 

of customers to the depot. For this sample particle (Fig.3.2), a proximity matrix between 

depots and customers can be formed as shown in Table3.1. In this example, customer 1 

is nearest to depot 1, then customer 3, customer 8, and so on.  

 

Table3.1 Proximity matrix of relative position between customers to depot for the 

example 

 CUSTOMERS 

D1 1 3 8 6 2 5 7 4 9 13 10 12 17 14 16 18 11 15 

D2 18 12 16 15 2 11 5 4 9 1 3 7 13 8 6 10 14 17 

D3 6 14 10 13 1 9 17 3 2 8 5 12 7 4 16 18 11 15 

 

Similarly, the customer proximity matrix can be formed. As shown in Table 3.2, the list 

of nearest customers to customer 1 in ascending order is 9, 2, 3, 5, 13, etc. Once all the 

proximity matrices are built, the decoding steps can be performed as described next for 

Step 1 and Step 2. 

 

                           (3.1)  
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Table3.2 Proximity matrix of relative position between pair of customers for the 

example 

 sequence of customers in ascending order of distance  

c1 9 2 3 5 13 12 8 4 7 6 10 16 18 14 17 11 15 

c2 1 9 12 5 3 4 13 7 8 6 16 18 10 15 11 14 17 

c3 5 8 7 4 1 2 9 12 13 6 16 10 18 11 15 17 14 

c4 5 7 3 8 2 1 16 9 12 11 18 13 15 6 10 17 14 

c5 4 3 7 2 8 1 9 12 16 13 18 11 6 15 10 17 14 

c6 10 17 14 1 13 8 9 3 2 5 7 4 12 16 18 11 15 

c7 4 3 8 5 1 2 16 9 12 6 13 11 10 18 15 17 14 

c8 3 7 4 5 1 2 6 9 10 13 12 16 17 11 18 15 14 

c9 1 13 2 12 3 5 4 6 8 7 10 18 16 14 15 11 17 

c10 6 17 14 1 8 13 3 9 7 2 5 4 12 16 18 11 15 

c11 16 15 18 4 5 7 2 12 3 8 1 9 13 6 10 17 14 

c12 2 9 1 5 13 18 4 3 16 7 8 15 11 6 10 14 17 

c13 9 1 2 12 6 3 5 14 10 8 4 7 17 18 16 15 11 

c14 6 10 17 13 1 9 2 3 8 12 5 7 4 18 16 15 11 

c15 11 18 16 12 4 5 2 7 3 9 1 8 13 6 10 14 17 

c16 11 15 18 4 5 7 2 12 3 8 1 9 13 6 10 17 14 

c17 10 6 14 8 1 13 3 9 7 5 2 4 12 16 18 11 15 

c18 15 16 11 12 2 5 4 9 7 1 3 13 8 6 10 14 17 

 

Step1: Depot determination and customer assignment 

 

This step deals with the selection of depots and the assignment of customer orders to the 

selected depots. The selection of depots can be done by using the ranking of the particle 

position values corresponded to the depots. For the sample particle given in Fig.3.2, the 

priorities of depots are given in Fig.3.3. For each depot, the customers’ proximity to the 

depot are listed in Table3.1 and it is used to assign customers to depots. In this example, 

since depot 1 is given the first priority, so the customers nearest to depot 1 will be 

assigned to it until the capacity of depot 1 is exhausted. So customers 3, 1, 2, 4, 5, 6, 7, 

8 are assigned to depot 1. Next, depot 3 will be considered and the customers nearest to 

depot 3 that have not been assigned are now assigned to depot 3. Finally, depots 1 and 3 

can satisfy all the customer demands, depot 2 is not used. 

 

Step2: Route construction and vehicle fixed 

 

In this step, the customer priority is first obtained from the particle positions. Using the 

sample particle given in Fig.3.2, the priority of all customers is given in Fig.3.4. 

However, in this decoding scheme, customers are assigned to depots in previous step, so 

for the sample particle, the customer priority for depots 1 and 3 are given in Figs.3.6 

and 3.7. To construct the route for depot 1, first consider the customer with the highest 

priority, customer 4 as shown in Fig.3.6. Based on the customers’ proximity matrix in 

Table3.2, the customers that are nearest to customer 4 are 5, 7, 3, 8, 2 … etc. At this 

time, the capacity of vehicle is updated after each customer is assigned in turn, i.e., 4, 

then 5, then 7, etc, until the vehicle capacity is exhausted. For this case, customers 4, 5, 

7, and 3 will be assigned to the first vehicle. For the next vehicle, the first un-served 

customer with highest priority, customer 1, is assigned to the vehicle and the process is 
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repeated until all the customers are served. The clustering for all 5 groups of customers 

are shown in Fig.3.8. 

 
 

Figure 3.6 Customers priority for depot 1 

 
 

Figure 3.7 Customers priority for depot 3 

 
 

Figure 3.8 Assignment and group of customers 

 
To construct route 1 of group 1 for depot 1, referring to Fig.3.9, this route is constructed 

by inserting the customer into the position with the smallest additional cost to the route 

and this result in route 1 as D1-3-7-4-5-D1.  

 

 

A total of 5 routes are constructed using the policy of the smallest additional cost(see 

Fig.3.10), and finally the total cost for this solution is below: 

 

Ztotal cost = fixed cost (depot1 + depot3) + delivery cost (R1+R2+R3+R4+R5) + 

                       fixed vehicle cost*5 

 

Figure 3.9 Route construction for group 1 of depot 1 



24 

 

 

 

3.1.3 Decoding method 2 

 

Based on the same solution representation, decoding method 2 follows a different 

sequence of decisions: first customer clustering, then depot location selection, and 

customer assignment, finally routing. The flowchart for decoding method 2 is given in 

Fig.3.11. The Pre-processing step only needs to construct Euclidian distance matrix 

between pair of customers. In step 1, customers are clustered in groups. In Step 2, the 

groups are then assigned to corresponding depot, and to construct the routes. The 

complete description of algorithm based on decoding method 2 is given in Appendix B. 

 

 

 

 

 

totally 5 routes   R1: D1-3-7-4-5-D1   R2: D1-1-2-8-6-D1 

R3: D3-10-17-14-D3   R4: D3-13-9-12-18-D3  R5:  D3-15-11-16-

D3 

 

 

 

Figure 3.10 LRP solution using decoding method 1 for the sample particle 

 

Figure 3.11 Flowchart of decoding method 2 for CLRP 
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A Euclidian distance matrix between customers is prepared in the Pre-processing step as 

shown in Table 3.2. This matrix is used to cluster the customers in Step 1. 

 

Step1: To cluster customers into groups and to calculate the geometrical center of group 

 

Two idea are adopted: (1) priority idea of selection order; (2) clustering search 

Based on the Fig.3.4 and Table 3.2, the first priority is customer 4, and the customers 

near customer 4 are customer 5, 7, and 3,…, until the vehicle capacity is exhausted and 

these customers are grouped together. Customer 10 is the first priority of the remaining 

customers and with customer 6, 17, and 14 nearby so they are grouped together until 

finally all customers are clustered into respective group as shown in Figs. 3.12 and 3.13. 

 

 

 
The geometrical center of group is adopted to determine the distance between group and 

depot. The distances are used as the criterion to determine the group assignment. The 

geometrical center of group is calculated using formula 3.2 and the centers are shown in 

Fig.3.14. 

 

   
    

  
   

  
   

    
  
   

  
          (3.2) 

                                                             
 

  

 

              Figure 3.12 Grouping of customers using decoding method 2 

 

Figure 3.13 The grouping of customers using decoding method 2 
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Step2: To assign groups to corresponding depot and to construct the routes 

 

The proximity matrix of relative position between groups and depot is given in Table 

3.3. Based on the proximity matrix, D1 is first selected with the nearest group to be 

assigned to this depot is g3 and then g1. The group g5 cannot be assigned to D1 because 

the remaining capacity of D1 is not sufficient. D3 is the next on the depot priority list 

and g2 is assigned first, followed by g5 and g4. The depot D2 is not needed since all 

customers are served.  

 

Table3.3 Proximity matrix of relative position between groups and each depot for the 

sample particle 
 

 group 1-5 

D1  g3  g1  g5  g2 g4  

D3  g2  g3  g5  g1 g4  

D2  g4  g5  g3  g1 g2  

 
Again, the route construction for each group still uses the policy of the smallest 

additional cost described earlier. A total of 5 routes are constructed and the results is 

shown in Fig.3.14. 

 

Ztotal cost = fixed cost(depot1 + depot3) + delivery cost(R1+R2+R3+R4+R5) +  

                         fixed vehicle cost*5 

 

 

3.2 Computational Experiments 

 

3.2.1 Benchmarks and experiment environment 

 

3.2.1.1 Test problems 

 

The test problems are obtained from benchmark dataset from 

http://prodhonc.free.fr/Instances/instances_us.htm. The composition of the benchmark 

 

 

 

totally 5 routes  R1: D1-3-7-4-5-D1     R2: D3-6-10-17-14-D3 

R3: D1-1-2-9-13-D1   R4: D3-16-11-15-18-D3    R5:  D3-8-12-D3 

 

 

Figure 3.14 LRP solution using decoding method 2 for the sample particle 

http://prodhonc.free.fr/Instances/instances_us.htm
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test dataset is given in Table 3.4. The benchmarks represent the classic deterministic 

CLRP and the instances are designated by four factors: xx-yy-zw where xx designates 

the number of customer (small size(20 customer), medium size(50 customer), large 

size(100/200 customer)), yy is the number of depot, z refers to three different spatial 

distributions of customer locations (1 refers to random distribution, 2 refers to two 

clusters, and 3 refers to three clusters, as illustrated in Figs. 3.15, 3.16, 3.17), and w 

denotes different vehicle capacity. 

 

 

 

3.2.1.2 Experiment environment 

 

The algorithm is implemented in C# programming language under Microsoft Visual 

Studio.NET4.0. The GLNPSO algorithm as implemented in the ET-Lib object library is 

used (Nguyen, Ai and Kachitvichyanukul, 2010). The experiments are carried out on a 

desktop computer with Intel (R) Core(TM)2 Quad CPU, Q9550 @ 2.83GHz, 2.83GHz, 

3.00GB of RAM. 

 

3.2.2 Computational experiments 

 

3.2.2.1 Parameters setting for GLNPSO 

 

The parameters for GLNPSO are set based on previous study (Ai and 

Kachitvichyanukul, 2008) as shown in Table 3.5. The number of particles and the 

number of iteration are fixed but may be different for different size of test problem 

instances. 

 

Table 3.4 Composition of the benchmark dataset 

Depot Data 

1. number of available depots 

2. coordinates for the depots 

3. depot capacity 

4. opening costs for the 

depots 

Customer data 

1. number of customers 

2. customer demands 

3. coordinates for the 

customers 

Vehicle data 

1. vehicle capacity 

2. (homogeneous)  

3. opening cost of a route 

Note: Total cost = the opening cost for depots + fixed cost of vehicle + delivery cost  

delivery cost = total distance×100   

results are truncated to be stored in an integer variable if the costs are integer 

   

Figure 3.15 Random 

distribution of locations 

Figure 3.16 Distribution 

of locations with 2 

clusters 

Figure 3.17 Distribution 

of locations with 3 

clusters 
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Table3.5 The parameters of GLNPSO for experiments 

Parameters value 

Number of particle(P) 20~100 

Number of iteration(T) 100~2500 

Number of neighborhood(NB) 5 

Inertial weight(w) Linearly decreasing from 0.9 to 0.4 

Personal best position acceleration constant(cp) 1 

Global best position acceleration constant(cg) 1 

Local best position acceleration constant(cl) 1 

Near neighborhood best position acceleration 

constant(cn) 
1 

 

3.2.2.2 Computational experiment 

 

A total of 30 test problem instances are solved using GLNPSO. The number of particles 

and number of iteration for different size problem instances are determined via 

experiments. To assess solution quality and the performance of the proposed algorithm, 

each test problem instances are solved 5 times to collect the minimum, average, and 

maximum percent deviation of solution to best known solution (BKS). The BKS’s are 

reported in Ting and Chen (2013). The computational times (CPU) are in seconds. The 

percent relative deviation Dev (%) is defined as 

 

Dev (%) = 100*(Z(heuristic)-Z(BKS))/Z(BKS) 

 

The results from other heuristics used in the comparison are shown in Table 3.6. 

 

Table3.6 BKS and results obtained from various heuristics for solving CLRP 

(MCOA from Ting and Chen (2013), SALRP from Yu et al. (2010),  

GRASP+ILP from Contardo et al. (2011a)) 

Instance BKS 
SALRP GRASP+ILP MCOA 

cost CPU Dev cost CPU Dev cost CPU Dev 
20-5-1a 54793 54793 19.8 0.00 54793 1.28 0.00 54793 4.08 0.00 

20-5-1b 39104 39104 15 0.00 39104 2.25 0.00 39104 4.78 0.00 

20-5-2a 48908 48908 19.3 0.00 48908 1.21 0.00 48908 3.92 0.00 

20-5-2b 37542 37542 15 0.00 37542 2.28 0.00 37542 5.45 0.00 

50-5-1 90111 90111 74.7 0.00 90111 12.18 0.00 90111 24.47 0.00 

50-5-1b 63242 63242 57.7 0.00 63248 17.40 0.01 63242 21.31 0.00 

50-5-2 88298 88298 95 0.00 88332 14.77 0.04 88298 24.19 0.00 

50-5-2b 67308 67340 58.6 0.05 67554 18.53 0.37 67308 20.13 0.00 

50-5-2bis 84055 84055 74.7 0.00 84055 17.72 0.00 84055 24.66 0.00 

50-5-2bbis 51822 51822 66.1 0.00 51898 24.06 0.15 51822 16.83 0.00 

50-5-3 86203 86456 74 0.29 86203 14.76 0.00 86203 32.78 0.00 

50-5-3b 61830 62700 58.2 1.41 61836 20.16 0.01 61830 25.70 0.00 

100-5-1 274814 277035 348.6 0.81 275626 188.51 0.30 276220 116.59 0.51 

100-5-1b 213615 216002 268.9 1.12 214699 178.81 0.51 214323 134.52 0.33 

100-5-2 193671 194124 348.6 0.23 194118 106.96 0.23 194441 237.28 0.40 

100-5-2b 157095 157150 211.5 0.04 157238 94.29 0.09 157222 144.33 0.08 

100-5-3 200079 200242 250.3 0.08 200341 86.76 0.13 201038 178.75 0.48 

100-5-3b 152441 152467 196.7 0.02 152737 95.87 0.19 152722 151.58 0.18 

100-10-1 287983 291043 270 1.06 293117 1840.90 1.78 291134 105.28 1.09 

100-10-1b 231763 234210 202.6 1.06 233416 2329.90 0.71 235348 81.81 1.55 

100-10-2 243590 245813 260.6 0.91 244022 211.45 0.18 245263 122.47 0.69 

100-10-2b 203988 205312 199.3 0.65 204200 242.75 0.10 205524 85.03 0.75 
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100-10-3 250882 250882 338.1 0.00 252371 2576.34 0.59 254302 112.09 1.36 

100-10-3b 204317 205009 240.3 0.34 204996 1005.74 0.33 204786 79.70 0.23 

200-10-1a 477248 481002 1428.1 0.79 476674 3785.47 -0.12 478843 941.78 0.33 

200-10-1b 378351 383586 1335.8 1.38 378781 3646.74 0.11 378865 562.05 0.14 

200-10-2a 449571 450848 1795.8 0.28 449469 5215.70 -0.02 451457 703.66 0.42 

200-10-2b 374330 376674 1245.1 0.63 375053 2831.53 0.19 374972 403.53 0.17 

200-10-3a 469433 473875 1776 0.95 471218 4356.16 0.38 475155 878.83 1.22 

200-10-3b 362817 363701 1326.4 0.24 363755 4936.13 0.26 365401 490.92 0.71 

 
(1) Experiments results on decoding method 1  

 

The experiments results of the proposed algorithm on decoding method 1 are shown in 

Tables 3.7, 3.8, and 3.9. 

 

 

For small size problems, there are only 4 test problem instances. The solutions of test 

instances 20-5-1b, 20-5-2b yield gaps of over 10% compared with BKS with one 

instance 20-5-1a yielded solution better than BKS. As a whole, GLNPSO on decoding 

method 1 is outperformed by SALRP, GRASP+ILP, MCOA. Even with the number of 

particles and iteration increased to 100 and1000, the results are not improved. 

 

Table3.8 Results for medium size test instances by GLNPSO with decoding 

method 1(using 40 particles and 200 iterations) 

instance BKS 
solutions DEV 

cost of depot, 

routing 

Min Ave Max Min(%) Ave(%) Max(%) cd/nb cr/nb 
50-5-1a 90111 92685 92885 93185 2.86 3.08 3.41 15385/2 77300/13 

50-5-1b 63242 63385 63510 63585 0.22 0.42 0.54 15385/3 48000/6 

50-5-2a 88298 97419 97783 98314 10.33 10.74 11.34 29319/3 68100/14 

50-5-2b 67308 70819 70819 70819 5.21 5.21 5.21 29319/3 41500/7 

50-5-2BIS 84055 86685 87165 87885 3.13 3.70 4.56 19785/3 66900/13 

50-5-2bBIS 51822 58674 58834 59074 13.22 13.53 13.99 17674/3 41000/6 

50-5-3a 86203 90761 90978 91461 5.29 5.54 6.10 18961/2 71800/12 

50-5-3b 61830 66361 66544 66761 7.33 7.62 7.98 18961/2 47400/6 

 

For medium size problems, the majority of average solutions are good, average solution 

quality is slightly worse than those of SALRP, GRASP+ILP, MCOA except for problem 

instances 50-5-2a and 50-5-2bBIS with the value of average deviation over 10%. The 

solutions are also very consistent with a narrow range between maximum and minimum 

solutions or deviation. The solution variations (Max (Dev %)- Min (Dev %)) are mostly 

less than 1% except for solutions of test instance 50-5-2BIS with 1.43% Dev. Even 

increasing the number of particles to 150, these solution quality are not improved. 

 

  

Table 3.7 Results for small size test instances by GLNPSO with decoding method 1 

(using 20 particles and 100 iterations) 

instance BKS 

solutions DEV cost of depot, 

routing  

Min Ave Max Min(%) Ave(%) Max(%) cd/nb cr/nb 
20-5-1a 54793 54149 54149 54149 -1.18 -1.18 -1.18 25549/3 28600/5 

20-5-1b 39104 44297 44297 44297 13.28 13.28 13.28 15497/2 28800/3 

20-5-2a 48908 50369 50369 50369 2.99 2.99 2.99 22769/3 27600/5 

20-5-2b 37542 41511 41511 41511 10.57 10.57 10.57 13911/2 27600/3 
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Table3.9 Results for large size test instances by GLNPSO with decoding method 1 

instance BKS 
solutions DEV cost of depot, 

routing  
Min Ave Max Min(%) Ave(%) Max(%) cd/nb cr/nb 

100-5-1a 274814 294490 295707 296190 7.16 7.60 7.78 132890/3 161600/25 

100-5-1b 213615 229490 229840 230090 7.43 7.60 7.71 132890/3 96600/12 

100-5-2a 193671 193046 193666 193946 -0.32 -0.002 0.14 102246/2 90800/24 

100-5-2b 157095 156246 156706 157046 -0.54 -0.25 -0.03 102246/2 54000/11 

100-5-3a 200079 205187 205887 206387 2.55 2.90 3.15 88287/2 116900/24 

100-5-3b 152411 154587 154647 154887 1.43 1.47 1.62 88287/2 66300/11 

100-10-1a 287983 284864 285289 285464 -1.08 -0.94 -0.87 162064/3 123000/26 

100-10-1b 231763 231202 232958 234464 -0.24 0.52 1.17 149702/3 81500/12 

100-10-2a 243590 242790 242965 243290 -0.33 -0.26 -0.12 143390/3 99400/25 

100-10-2b 203988 203790 204030 204290 -0.10 0.02 0.15 143390/3 60400/11 

100-10-3a 250882 246879 247379 247879 -1.60 -2.35 -1.40 136279/3 110600/25 

100-10-3b 204317 200579 200879 201079 -1.83 -1.68 -1.59 136279/3 64300/11 

200-10-1a 477248 494253 500450 505640 3.56 4.86 5.95 259053/3 235200/48 

200-10-1b 378351 384811 387729 389341 1.71 2.48 2.90 229111/3 155700/22 

200-10-2a 449571 472770 473095 473770 5.16 5.23 5.38 280370/3 192400/49 

200-10-2b 374330 386670 386745 386870 3.30 3.32 3.35 280370/3 106300/23 

200-10-3a 469433 478828 479278 479828 2.00 2.10 2.21 272528/3 206300/48 

200-10-3b 362817 368360 368885 369260 1.53 1.67 1.78 234660/3 133700/22 

 

For instances with 100 customers, the experiments are carried out using 50 particles 

and 500 iterations. For instances with 200 customers, the experiments are carried out 

using 50 particles and 1500 iterations. For a total of 18 instances, the proposed 

algorithm yields 8 new best known solutions compared with BKS. Most other 

solutions are also of high quality with average deviation less than 5% and with average 

deviation over 7% only for problem instances 100-5-1 and 100-5-1b. The solutions are 

quite consistent, with the most variations (Max (Dev % - Min (Dev %)) less than 1%. 

The performance of GLNPSO with decoding method 1 is overall comparable to 

SALRP, GRASP+ILP, MCOA for large size problems. Results with that of small size 

and medium size problems, increasing the number of particle and iteration, still cannot 

be  improved of the solution quality. 

 

 

Figure 3.18 Deviation from BKS for benchmark problems by GLNPSO 

 

(2) Experiments results on decoding method 2 

 

The experiments results based on decoding method 2 are given in Tables 3.10, 3.11, and 

3.12.  
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For small size problems, one instance of 20-5-2a yields average solution a little better 

than BKS, and two instances of 20-5-1a, 20-5-2b yield good solution quality with 

average deviation less than 5% compared with BKS, only one solutions for instances of 

20-5-1b is not of high quality with average deviation of 7.30%, As a whole, the 

performance on decoding method 2 by GLNPSO for small problems is good, but the 

comparison with SALRP, GRASP+ILP, MCOA is inconclusive. 

 

 

For medium size problems, the majority of the average deviation of solutions are less 

than 5% compared with BKS, except for problem instances 50-5-2bBIS with the value 

of deviation 6.16%, solution quality on decoding method 2 by GLNPSO is slightly 

worse than those of SALRP, GRASP+ILP, MCOA, But all of solution are quite 

consistent, the variations (Max (Dev %)- Min (Dev %)) are less than 1%. 

 

Table3.10 Results for small size instances  by GLNPSO with decoding method 2 

(20 particles and 100 iterations) 

instance BKS 
solutions Dev(%) 

Min Ave Max Min Ave Max 

20-5-1a 54793 55034 55054 55076 0.44 0.48 0.52 

20-5-1b 39104 41929 41957 42006 7.22 7.30 7.42 

20-5-2a 48908 48895 48895 48918 -0.02 -0.02 0.02 

20-5-2b 37542 38966 39016 39103 3.79 3.93 4.16 

Table3.11 Results for medium size instances  by GLNPSO with decoding method 

2(40 particles and 200 iterations) 

instance BKS 
solutions Dev(%) 

Min Ave Max Min Ave Max 

50-5-1a 90111 93290 93590 93790 3.53 3.86 4.08 

50-5-1b 63242 64418 64782 65012 1.86 2.44 2.80 

50-5-2a 88298 91797 92047 92677 3.96 4.25 4.96 

50-5-2b 67308 68949 69478 69608 2.44 3.22 3.41 

50-5-2BIS 84055 85367 85705 86005 1.56 1.96 2.32 

50-5-2bBIS 51822 54973 55013 55432 6.08 6.16 6.97 

50-5-3a 86203 87962 88142 88523 2.04 2.25 2.69 

50-5-3b 61830 63998 64128 64598 3.51 3.72 4.48 

Table3.12 Results for large size instances by GLNPSO with decoding method 2 

instance BKS solutions Dev(%) 

Min Ave Max Min Ave Max 

100-5-1a 274814 291420 292360 294114 6.04 6.38 7.02 

100-5-1b 213615 220752 221665 222032 3.34 3.77 3.94 

100-5-2a 193671 198223 199021 199371 2.35 2.76 2.94 

100-5-2b 157095 159446 160126 160818 1.50 1.93 2.37 

100-5-3a 200079 206710 207739 208620 3.31 3.83 4.27 

100-5-3b 152411 154741 155241 155751 1.53 1.86 2.19 

100-10-1a 287983 322954 324564 325113 12.14 12.70 12.89 

100-10-1b 231763 271876 272556 273556 17.31 17.60 18.03 

100-10-2a 243590 248806 249920 251140 2.14 2.60 3.10 

100-10-2b 203988 207502 208678 209496 1.72 2.3 2.7 
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For these experiments, 50 particles and 500 iterations are used for problem instances 

with 100 customers, 50 particles and 1500 iterations for problem instances with 200 

customers are used. For these 18 instances, most solutions are of good quality with 

average deviation less than 5%, except instance of 100-5-1a with the average deviation 

of 6.38%, and instances 100-10-1a and 100-10-1b yielded poor solution quality with 

average deviation over 10%. All other solutions variations (Max (Dev %)- Min (Dev 

%)) are less than 1%. The performance of GLNPSO with decoding method 2 is overall 

closed to SALRP, GRASP+ILP, MCOA for large size problems. 

 

(3) The comparison of solution quality between decoding method 1 and decoding  

      method 2 

 

As mentioned above, decoding method 1 yields 9 new best known solutions out of 30 

problem instances with 12 of them have deviation less than 5%, only 4 of them have 

deviation of over 10%. For decoding method 2, it yields only 1 new BKS out of 30 

problem instances. However, the deviation of solution is much smaller than that of 

decoding method 1 with only 4 instances with deviation over 5%, and only 2 instances 

with deviation over 10% while most of the instances have deviation below 5%. This is 

an indication that solution quality obtained by decoding method 2 is more robust when 

compared with those obtained using decoding method 1. 

 

 

  

100-10-3a 250882 262405 263076 263952 4.59 4.86 5.21 

100-10-3b 204317 209540 209915 211100 2.56 2.74 3.32 

200-10-1a 477248 489876 491376 492854 2.65 2.96 3.27 

200-10-1b 378351 385785 386715 388339 1.96 2.21 2.64 

200-10-2a 449571 457168 458831 460678 1.69 2.06 2.47 

200-10-2b 374330 381297 382450 383427 1.86 2.17 2.43 

200-10-3a 469433 480348 481688 483848 2.33 2.61 3.07 

200-10-3b 362817 370746 371636 373266 2.19 2.43 2.88 

 

Figure 3.19 Comparison of deviations from BKS for benchmark problems via 

decoding method 1 and decoding method 2 
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(4) Computational time for experiments 

 

The computational time using GLNPSO cannot be compared directly with those of 

heuristics SALRP, GRSASP+ILP, MCOA, because the published result of these 

heuristics are obtained using different computers and different programs. The 

computational time for GLNPSO is given as a reference for practitioners to judge the 

adequacy of the method in terms of solution time. 

 

Table 3.13 The computational time for experiments with both decoding methods 

 No. of particle No. of iteration  Computational time(s) 

Small size instances 

(with 20 customers) 
20 100 1~5 

Medium size instances 

(with 50 customers) 
40 200 17~27 

Large size instances 

(with 100 customers) 
50 500 144~260 

Large size instances 

(with 200 customers) 
50 1500 1286~2400 

 

 

(5) Experiments results by GLNPSO combined with re-initialization 

 

As demonstrated by the experiments, when the number of particle and iteration is 

increased, the solution quality does not improved. In this research, a strategy of re-

initialization borrowed from ET-Lib object library is applied to GLNPSO when 

experiments are implemented using more particles and iterations. Re-initialization is to 

regenerate the swarm of particles again after running a certain number of iterations and 

to make the particles diversified over the search space and avoid to falling into 

stagnation. 

 

Two parameters are adjusted during these experiments: the starting iteration for re-

initialization(n
th

) and the interval of two successive re-initialization(N). These instances 

with deviation to BKS over 10%, including 20-51-b, 20-5-2b, 50-5-2a, 50-5-2bBIS on 

decoding method1, and 100-101a, 100-10-1b on decoding method 2, are solved again 

with re-initialization. 

 

Results reveal that no visible improvement for instances of 20-51-b, 20-5-2b, 50-5-2a, 

50-5-2bBIS on decoding method 1, however, for instances of 100-101a, 100-10-1b, the 

solution quality are vastly improved by decoding method 2with re-initialization, see 

Table3.14. 

 

 

Table 3.14 Solution results for 100-10-1a and 100-10-1b using GLNPSO with re-

initialization on decoding method 2 

 GLNPSO GLNPSO with re-initialization 

No. par/ 

No. iter 

Best 

solution 

Dev to 

BKS 

No. par/ 

No. iter 

n
th

 / N Best 

solution 

Dev to 

BKS 

100-10-1a 50/500 322954 12.14% 150/1000 80/40 308902 7.26% 

100-10-1b 50/500 271876 17.31% 250/1000 80/50 244914 5.67% 
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These results demonstrate that re-initialization strategy is effective to diversify particles 

and it may improve the performance of GLNPSO and the solution quality to some 

degree. But for the computational time, it consumed more times proportional to the 

number of particle and the number of iteration. 

 

(6) The comparison of solution quality for large scale instances on different algorithms 

 

Finally, a comparison of the performance of GLNPSO is conducted with other 

published solution methods. The emphasis is the solution quality and computational 

time for 18 large size problem instances in this benchmark dataset. It revealed from this 

summary that the average solution quality is not as good as that of other heuristics in the 

terms of percent deviation. However, GLNPSO-based algorithm with decoding method 

1 yields 8 new best solutions. 

 

Table3.15 Comparison of solution quality for 18 large size instances 

  Dev to BKS(%) No. of new BKS 

MCOA 0.58 0 

SALRP 0.59 0 

GRASP+ILP 0.33 2 

ALNS 1.12 1 

2-PHASE HGTS 0.59 2 

GLNPSO   

Decoding method 1 1.66 8 

Decoding method 2 3.56 0 

 

 

3.3 Result Discussions 

 

3.3.1 The analysis of solution quality on decoding methods 1 and 2 

 

(1) The influence of the policy of decoding method on solution quality 

 

Considering decoding methods 1 and 2, the key idea is that it combines the clustering 

idea and the policy of the smallest additional cost to look for solution, such method 

could easily find neighboring customers to form a compact group, and to make the 

solution more robust. The solution quality are good and robust and the deviation are less 

than 5% for most instances especially for middle and large size instances regardless of 

the different distributions of the instances (type a, b, c). However, for small size 

instances, customers are distributed sparsely, some even far away from each other so the 

difficulty in forming a compact group influencing the solution to some degree, leads to 

relatively worse solutions. As a result, most solutions for small size instances have 

deviation over 5%, even over 10% based on decoding method 1. 

 



35 

 

 
(2) The analysis of different solution quality from decoding methods 1, 2 

 

The reasons of low solution quality for small size instances using decoding method 1 

with some deviation over 10% are explored here. Decoding method 1 considers depot 

selection first, and customers are then assigned to the depot, as a result, customers may 

be divided into different constrained space and that may lead to two nearby customers 

being assigned to different depot. Based on such design, this customer assignment may 

be influencing the next routing decision. However, this decoding nearly has no 

influence on the middle and large size instances because of their dense distributions and 

more depot choices. 

 

The decoding method 2 tries to remedy such limitation of decoding method 1. It first 

gives consideration to the overall distribution of customers and grouping followed by 

the depot selection so it could avoid such problem that nearby customers are divided 

into different cluster to a great extent. Hence, decoding method 2 could effectively 

reduce the influence of distribution quality with density and sparseness on the solution 

quality. As a result, combined with the policy of the smallest additional cost, most of 

solutions not only have nice quality, but also less fluctuation with deviation concentrate 

around 0.02%~5% for all 30 instances. 

 

(3) The analysis of the convergence on decoding methods 1 and 2 

 

Since GLNPSO is a random search algorithm, the analysis of the global convergences 

of both decoding methods is necessary. As shown in Figs. 3.21 and 3.22, both decoding 

methods show good convergence, i.e., particles move aggressively (sharp descend) 

during the exploration stage, global best decrease rapidly, particles move slowly to 

focus on local space to search during the exploitation stage. These global convergence 

trends indicate strong searching control and good searching ability of GLNPSO. 

 

 

Figure 3.21 Convergence of global best of 200-10-1a by decoding method 1 

 

 

Figure 3.20 Distribution density of different size instance of benchmraks 
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Figure 3.22 Convergence of global best of 200-10-1a by decoding method 2 

 

The velocity index can be used to measure how the swarm clustered during the iteration 

(Ai and Kachitvichyanukul, 2007). By analyzing the velocity index of GLNPSO on both 

decoding methods, shown in Fig.3.23, in the last iterations, the movement is near to 

zero, particles are fallen into a “stagnant” condition and unable to move, as a result, 

local optima are generated. If particles can overcome this "stagnant", the global best 

solutions could be improved further with both decoding methods. 

 

 

3.3.2 Additional performance indices on the evaluation of solution 

 

The discussion above is only a general assessment of algorithm performance. In 

practice, the solution quality is usually multidimensional. This section discusses the 

solution quality based on four additional indices for general operation performance. 

These indices are depot utilization (α), vehicle utilization (β), workload per distance unit 

(γ), and average service level (ε). The first two indices of α and β, are straightforward 

measurements for efficiency of depots and vehicles. The higher α and β are, the better 

the operation effectiveness. The workload per distance unit γ, defined by formula 3.5, is 

used to demonstrate the average workload per unit distance for each route and could be 

used to assess the route efficiency. The larger the route workload and the smaller the 

route distance, the more customers could be served and the better the route 

performance. Average service level ε is calculated by dividing the total route distance 

by the number of customers, where shorter average route means a capability to provide 

faster, more reliable service.   

 

 

 

Figure 3.23 Convergence of velocity indices for 200-10-1a 
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The following discussion is based on two candidate solutions obtained from problem 

instance 20-5-1a. The two solutions are shown in Figs.3.24 and 3.25. The first solution 

with objective function value of 54149 is the best solution obtained from a GLNPSO 

run. The second solution has a much higher objective function value of 56249. The two 

solutions made the same depots selections (depots 2, 3, and 5) and nearly the same 

customers’ assignment to depots except customer 7, only routes 3, 4, 5 of each solution 

are different.  

 

 

 

The evaluation using four indices for the two solutions are given in Table 3.16. Based 

on the objective function value, solution 1 on the left with the total cost of 54149 is a 

better solution with shorter total distance of 236. However, it is not so clear cut when 

these performance indices are considered. The comparison of routes 4 and 5 are not 

   
  

  
 

                                               

(3.3) 

 

 

 

 

 

Selected depot 2,3, 5 with corresponding 5 routes 

R1: D5- 15- 14- 11- 16- D5;  R2: D5-2- 17-9-10- D5; R3: D2- 18- 

12-1-4-D2;R4: D2-3-7-5-13-20- D2;  R5: D3-6-8- 19-D3 

 

 

 

 

Figure 3.24 Solution 1 with objective equals 54149 for 20-5-1a 

 

 

 

 

Selected depot 2,3, 5 with corresponding 5 routes 

R1: D5- 15- 14- 11- 16- D5;  R2: D5-2- 17-9-10- D5; R3: D2- 4-18-

20-13- D2;  R4: D2-1-12-3-5- D2; R5: D3-7-6-8-19- D3 

 

 

 

 

Figure 3.25 Solution 2 with objective equals 56249 for 20-5-1a 
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conclusive(for R4, β4(54149) >β4(56249), γ 4(54149) <γ 4(56249); for R5, β5(54149) 

<β5(56249), γ5(54149) >γ5(56249)). The utilization of Depot3 with solution 2 is better 

than that of solution 1. 

 

Another observation can be made from this table. The distance gap between route R3 

and R4 of depot 2 for the solution 1 is quite big (28.68, 64.07) and this is an indicator 

for uneven workload for workers. Solution 2 provides more even vehicle utilization than 

the first solution ((0.93, 0.86, 0.84) / (0.99, 0.99, 0.66)). 

 

Table3.16 Statistic data and the comparison of the two solutions 

Solution 1：54149(total cost)  Solution 2：56249(total cost) 

total distance  236 ε=236/20=11.8 total distance 257 ε=257/20=12.85 

11.8<12.85, customer service provided by solution 1 is better than that by solution 2 

Depot 

2 

workload: 

138 

capacity: 

140 

α2= 

0.99 

Depot 

2 

workload: 

135 

capacity: 

140 

α2= 

0.96 

0.99>0.96, utilization of depot2 is better for solution 1 

R3  d3: 

28.68  

workload(w3): 

69 

V.cap: 70 R3  d3: 

27.16 

workload(w3): 

65 

V.cap: 

70 

β3=69/70=0.99 γ3=69/28.68= 

2.41 

β3=65/70=0.93 γ3=65/27.16= 

2.39 

0.99>0.93, 2.41>2.39, R3 of solution 1is more efficient  

R4  d4: 

64.07  

workload(w4): 

69 

V.cap: 70 R4  d4: 

38.28 

workload(w4): 

60 

V.cap: 

70 

β4=69/70=0.99 γ4=69/64.07= 

1.08 

β4=60/70=0.86 γ4=60/38.28=1.57 

0.99>0.86, 1.08<1.57, R4 is inconclusive 

Depot 

3 

workload: 

46 

capacity: 

140 

α3= 

0.33 

Depot 

3 

workload: 

59 

capacity: 

140 

α3= 

0.42 

0.33<0.42, utilization of depot2 for solution 2is more efficient 

R5  d5: 

44.48 

workload(w5): 

46 

V.cap: 70 R5  d5: 

92.34 

workload(w5): 

59 

V.cap: 

70 

β5=46/70=0.66 γ5=46/44.48= 

1.03 

β5=59/70=0.84 γ5=59/92.34= 

0.64 

0.66<0.84, 1.03>0.64, R5 is inconclusive 

R1 and R2 for Depot 5 are same for these two solutions 

 

One more comment regarding the benchmark test problems is given here. More data 

should be included in the benchmark test problem instances to reflect actual operation 

requirements. For examples, customer’ time window, route length and duration 

constraint, fleet type, etc., should be included. 

 

 

3.4 Summary 

 

In this chapter, an algorithm based on GLNPSO is applied to solve general capacitated 

LRP. Under GLNPSO framework, a specific solution representation and two decoding 

methods are defined. The algorithm is evaluated on a set of benchmark instances and 

the experimental results demonstrate that the proposed algorithm can find good 

solutions of CLRP for medium and large problem instances. Overall, it yielded 9 new 
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best solutions with 8 out of 18 large size instances based on decoding method 1. One 

new best known solution for small test problem instances is also found based on 

decoding method 2. Its performance using GLNPSO is comparable to SALRP, 

GRASP+ILP, MCOA. The chapter also provides four additional indices to assess the 

operational performance and to judge the practicality of the solutions. With the 

consideration of re-initialization strategy during GLNPSO searching, for instances of 

100-10-1a and 100-10-1b with decoding method 2,the solution quality greatly 

improved. 

 

As shown by the experimental results, there are still limitations. The solution deviations 

for some instances are still over 10% and the computational time for large size problems 

is still long. Speedup of the algorithm should be made.  
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CHAPTER 4 

PARETO BASED MOPSO FOR MULTI-OBJECTIVE CAPACITATED 

LOCATION ROUTING PROBLEM 

 

This chapter discusses an algorithm for solving Multi-objective Capacitate Location 

Routing Problem. The proposed algorithm is based on MOPSO (multi-objective PSO) 

from the ET-Lib to search for Pareto front. Two conflicting objectives are considered to 

minimize total cost and maximize total demand satisfied under the limited resource. The 

proposed algorithm is tested using benchmark test problems that are modified from 

Prodhon (2010)  (URL http://prodhonc.free.fr/Instances/instances_us.htm) by adding 

vehicle constraint. The experimental results are reported and discussed. 

 

4.1 Pareto Based MOPSO 

 

Pareto based MOPSO algorithm is proposed by Nguyen and Kachitvichyanukul (2010) 

to search for a set of non-dominated solutions (Pareto front) for trade-off of multiple 

objective functions. The main modification to GLNPSO to handle multi-objective 

problem is to determine the non-dominated front after all particles are evaluated in each 

iteration and store the non-dominated solutions found so far in an elite group. These 

non-dominant solutions are then used as guidance reference to replace the global best 

particle. The details of Pareto based MOPSO as reported in Nguyen and 

Kachitvichyanukul (2010) is given in Fig.4.1below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In single objective PSO, the global best position is used as reference particle for the 

social learning term. For multi-objective optimization with conflicting objectives, there 

is no single best position and the notion of global best is no longer valid. In general, 

particles should move toward the direction of the true Pareto front and the global best 

particle can be replaced by reference particle selected from non-dominated solutions 

found so far. Nguyen and Kachitvichyanukul (2010) proposed several movement 

strategies to select reference particle from the elite group and each movement strategy is 

 

Figure 4.1  Flowchart of MOPSO 

http://prodhonc.free.fr/Instances/instances_us.htm
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designated MSx for Movement Strategy x. In this research, movement strategy 5 (MS5) 

proposed by Nguyen and Kachitvichyanukul (2010) is applied with a mixture of 4 

subgroups of particles in a swarm and each subgroup of particles utilizes different 

movement strategies x (MSx) as shown in Table 4.1. These 4 groups of particles share 

the common elite archive. In group 1, particles explore the search space with its own 

experience to better explore local space. In group 2, particles explore the less crowded 

areas of the Pareto front. In group 3, particles explore the unexplored space in the non-

dominated front. And finally in group 4, particles move to fill gaps on the non-

dominated front. Based on a mixture of particles with various movement strategies, the 

swarm could be guided effectively toward the general direction of the true Pareto front. 

 

Table 4.1 The combination of a swarm for Pareto-based MOPSO 

 Details 

Swarm Mixture of 4 subgroups of particles(MS5) 

Particle Group 1 Explore with particle’s own experience (MS0) 

Particle Group 2 Explore the less crowded area of the current non-dominated front (MS1) 

Particle Group 3 Explore the unexplored space in the non-dominated front (MS2) 

Particle Group 4 Fill the gaps on the non-dominated front (MS3) 

 

 

4.2 Solution Representation and Decoding Methods for Multi-Objective CLRP 

 

The solution representation of single objective CLRP described earlier in section 3.1 is 

used here with two new decoding methods proposed for multi-objective CLRP. For 

illustrative purpose, the same CLRP example with 3 depots and 18 customers, (see 

Fig.3.1) is used again to explain the solution representation and the steps for decoding 

methods. The basic information for the example is given in Table 4.2. 

 

 

4.2.1 Solution representation for multi-objective CLRP 

 

The condition of multi-objective CLRP is similar to that of single objective CLRP. 

There are still three decisions with depot location, customer allocation, and route 

construction. Solution representation is the same as that for single objective CLRP. The 

changes are in the decoding methods that must take into account the limit on the vehicle 

capacity. Two decoding methods are described next. 

 

4.2.2 Decoding methods 1 and 2 for multi-objective CLRP 

 

4.2.2.1 Decoding method 1 

 

This method is modified based on the original decoding method 1 for single objective 

problem. There are 3 steps in the proposed algorithm for solving multi-objective CLRP. 

Step1 and step2 are the same with the original decoding. In step3, the first k routes with 

higher total customer demand would be selected and served by the k available vehicles. 

Table 4.2 A sample of multi-objective CLRP 

number of 

depot 

number of 

customer 

totally 

demand 

number of 

vehicle/unit workload 

total workload 

3 18 510 4/120 480 
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The total demand served became the value of the second objective and the remaining 

customers would not be served.  

 

A concrete illustration of the decoding method 1 is shown in Fig.4.2 (refer to 3.1.2). 

When steps 1 and 2 are finished, the routes are constructed with R1-R5. In step3, routes 

are ranked in a descending order based on total demand loaded on the vehicle and the 

result is (R1, R4, R2, R5, R3), since there is only 4 vehicles in this case, only the first 4 

routes will be served with the result of customers 10, 17, 14 cannot be served. The final 

solution for this problem is shown in Fig.4.3. 

 

 

Objective 1, Total cost=fixed cost of (depot1+ depot 3)+delivery cost  

                    (R1+R2+R3+R4)×100+fixed vehicle cost×4 

Objective 2, Total satisfied customer demand=Σdemand (1,2,3, 4, 5, 6, 7, 8, 9,  

                                                                                             11,12,13,15,16,18) 

 

 
Figure 4.3 Final solution from sample particle using decoding method 1 for multi-

objective CLRP 

 

Figure 4.2 Illustration of decoding method 1 of sample particle for MOCLRP 
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Algorithm for decoding method 1 for multi-objective CLRP 

 

(1) Same as Step 1 of decoding method 1 for single objective CLRP (refer to section 

3.1.2)  

(2) Same as Step 2 of decoding method 1 for single objective CLRP (refer to section 

3.1.2)  

(3) For all the customers and routes  

      a. Calculate the total demand of each route Ril,  i- assigned depot number, l- route 

           number 

      b. Order the route Ril in a descending order according to the total demand loaded 

      c. Based on the total number of vehicles k, the first k routes with larger total demand  

          are selected, the customers in the remaining routes would not be served  

 

4.2.2.2 Decoding method 2 for multi-objective CLRP 

 

Decoding method 2 is also derived from the original decoding method 2 for single 

objective CLRP. In Step 1, customers are first clustered based on customer priority and 

proximity matrix. Based on the number of vehicles k, the first k groups with customers 

are selected and the remaining customers would not be served. Step2 for the multi-

objective CLRP is the same as that of the single objective CLRP. It is simply to assign 

each group to depot based on depot priority and to construct the route.  

 

A concrete illustration of the decoding method 2 is shown in Fig.4.4 (refer to section 

3.1.3). When groups 1, 2, 3, and 4 are formed, the available vehicles are all used up and 

the remaining customers (8, 12) are not assigned and they would be not served. In step2, 

the process is same with that of the decoding method 2 for single objective CLRP with 

group1 and 3 assigned to depot 1 and groups 2 and 4 assigned to depot 3. Finally, 4 

routes are constructed.  

 

Objective 1, Total cost=fixed cost of (depot1+ depot 3) + delivery cost  

 

Figure 4.4  Illustration of decoding method 2 of sample particle for MOCLRP 
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                      (R1+R2+R3+R4) + fixed vehicle cost ×4 

Objective 2, Total satisfied customer demand=Σdemand (1, 2, 3, 4, 5, 6, 7, 9, 10, 11, 13,  

                                                                                              14, 15, 16, 17, 18) 

 

The final solution for this problem is shown in Fig.4.5. 

 

 

Algorithm for decoding method 2 for multi-objective CLRP 

 

(1) Same as Step 1 of decoding method 2 for single objective CLRP(refer to Section 

      3.1.3).In particular, the customers are clustered into k groups based on the number  

      of vehicles k. The remaining customers not clustered into one of the k groups are  

      not served. 

(2) Same as Step2 of decoding method 2 for single objective CLRP(refer to section  

      3.1.3) . 

 

 

4.3 Computational Experiments and Analysis 

 

4.3.1 Benchmarks and Parameters 

 

4.3.1.1 Benchmarks of multi-objective CLRP 

 

The benchmark datasets by Prodhon (2010) for single objective LRP 

(http://prodhonc.free.fr/Instances/instances_us.htm) are modified to form test datasets 

for multi-objective CLRP by setting the number of vehicles so that not all customer 

demands can be satisfied, see Table 4.3. 

 

 

  

 

Figure 4.5  Final solution from sample particle using decoding method 2 for multi-

objective CLRP 

http://prodhonc.free.fr/Instances/instances_us.htm
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Table4.3 Modification of original instances in benchmark for multi-objective               

                  CLRP(number of vehicle N/total vehicle capacity C/ total demand D) 

Instance N/C/D Instance N/C/D Instance N/C/D 

20-5-1a 4/280/315 50-5-3a 10/700/761 100-10-2a 20/1400/1536 

20-5-1b 2/300/308 50-5-3b 5/750/761 100-10-2b 9/1350/1536 

20-5-2a 4/280/310 100-5-1a 20/1400/1583 100-10-3a 20/1400/1540 

20-5-2b 2/300/302 100-5-1b 10/1500/1583 100-10-3b 9/1350/1540 

50-5-1a 10/700/756 100-5-2a 20/1400/1558 200-10-1a 40/2800/3098 

50-5-1b 5/750/756 100-5-2b 10/1500/1558 200-10-1b 19/2850/3098 

50-5-2a 10/700/775 100-5-3a 20/1400/1562 200-10-2a 42/2940/3101 

50-5-2b 5/750/775 100-5-3b 9/1350/1562 200-10-2b 20/3000/3101 

50-5-2BIS 10/700/769 100-10-1a 22/1540/1610 200-10-3a 40/2800/3077 

50-5-2bBIS 5/750/783 100-10-1b 10/1500/1610 200-10-3b 19/2850/3077 

 

4.3.1.2 Parameters and experiment environment 

 

The proposed algorithms are implemented in C# programming language under 

Microsoft Visual Studio.NET4.0. The GLNPSO algorithm from the ET-Lib object 

library is used. The experiments are carried out on a desktop computer with Intel (R) 

Core(TM)2 Quad CPU, Q9550 @ 2.83GHz, 2.83GHz, 3.00GB of RAM. 

 

Values of parameters for the experiments are listed in Table 4.4, The percentage for 4 

subgroups of particles (α1, α2, α3, α4) in a swarm is determined via the experiments. 

 

Table4.4 Parameters of Pareto based MOPSO for experiments 

Number of particle 50~150 

Number of iteration 500~2000 

Inertial weight Linearly decrease from 0.9 to o.4 

Constant acceleration cp, cg, cl, cn =1 

Number of Particle in Elite group 100 

% top member 10 

% bottom member 20 

% potential gap 5 

α1+ α2+ α3+ α4 100% 

 

4.3.2 Comparing results obtained by Pareto method via decoding methods 1 and 2 

 

The proposed MOPSO algorithms based on decoding method 1 and decoding method 2 

are tested using the modified test instances. A set of non-dominated solutions are 

generated by each decoding method and the final results for all test problem instances 

are shown in appendix E. 

 

The results show that the proposed MOPSO are highly competitive in converging 

towards Pareto front and both decoding methods are capable of generating large number 

of non-dominated solutions with well distributed for most test problem instances. The 

results for test problem 50-5-1a are plotted in Fig.4.6 with the blue diamond dots 

representing results from decoding method 1 and the square red dots representing results 

from decoding method 2. It can be seen that the Pareto front is not continuous since the 

demand quantity is lumpy.  
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Non-dominated solutions found with decoding method 1 (f1, f2) 

 
 

(102842,682) (80585,672) (89842,682) (76285,659) (74285,618) 

(76185,652) (75085,642) (83986,680) (77485,671) (75885,651) 

(84886,680) (81285,673) (76885,660) (74385,642) (83342,675) 

(81185,673) (75685,645)    

Non-dominated solutions found with decoding method 2 (f1, f2) 

 
 

(89494,680) (79574,666) (86280,680) (78089,660) (73761,609) 

(81267,675) (82801,679) (78774,664) (74300,622) (80020,673) 

(75408,636) (79967,671) (76751,644) (81554,677) (75761,642) 

(78143,662) (77046,656) (74792,624) (76797,652) (74799,626) 

(75001,629) (81451,677)    

Figure 4.6 Solutions for 50-5-1a with two objectives using Pareto method with 

decoding methods 1 and 2 

 

However, for instance of 20-5-2b, only 3 or 4 solutions are found by both decoding 

methods 1 and 2, and the shape of the Pareto front are not clearly visible as shown in 

Fig.4.7. 
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The results also demonstrate a fact that different decoding methods yielded different 

solution quality. Comparing these two sets of solutions, in some cases, they are far away 

meaning one set of solutions are so much better than the other (see Fig.4.7). In some 

cases, the solutions are very close meaning their solution qualities are quite similar. But 

in most cases, the comparison is not straightforward since some solutions from one 

decoding method may dominate some solutions from the other decoding method and 

vice versa as can be seen in Fig.4.6. As a result, it is not trivial to judge which decoding 

method is better for solving multi-objective CLRP for most instances. 

 

4.3.3 Comparing results between weighted aggregation method and Pareto based  

          method 

 

Weighted aggregation method could also solve multi-objective problem by using 

different combinations of weight for each objective to get a set of non-dominated 

solutions. As mentioned in section 2.3.3, this algorithm cannot get robust and precise 

solution, and is sensitive to the shape of Pareto front. In this research, the weighted 

aggregation method is applied to n + 1 sub-swarms for problem with n objectives as 

proposed by Fonseca and Fleming (1993) in which the first n sub-swarms will search 

for the optimal solution corresponding to each objective function just like the traditional 

PSO while the last sub-swarm will minimize the adaptive weighted function given by 

the following formula: 

 

                 
            

 

  
      

   
 
   (4.1) 

 

Non-dominated solutions found with decoding method 1 (f1, f2) 

(46322,288) (38939,288) (28268,286)  

 

Non-dominated solutions found with decoding method 2 (f1, f2) 

 
(32750,289) (28756,288) (30651,289)  

 

Figure 4.7 Solutions for 20-5-2b with two objectives using Pareto method with 

decoding methods 1 and 2 
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4.3.3.1 Experiment results by weighted aggregation method on decoding methods 1 

             and 2 

 

For multi-objective CLRP considering two objectives, a total of 3 groups are used in the 

weighted aggregation method. 

 

Table4.5 The combination of a swarm for weighted aggregation method 

Group1 Group2 Group3 

searching for objective1 searching for objective2 
Minimize the weighted 

aggregated function 

 

Experiments are carried out on decoding method 1 and decoding method 2 respectively, 

the values of parameters are from the same Table4.1. 

 

Results are revealed in Appendix F, the weighted aggregation also generates enough 

non-dominated solutions for most instances by both decoding method 1 and decoding 

method 2 (Fig.4.8).  

 

 

 

Non-dominated solutions found with decoding method 1 (f1, f2) 

(78185,666) (75585,642) (76285,646) (77085,658) (85786,680) (76585,647) 

(74185,626) (77685,660) (82985,673) (84842,675) (79085,671) (81985,672) 

(77485,660) (76185,645) 

 

Non-dominated solutions found with decoding method 1 (f1, f2) 

 

(80020,673) (78143,662) (85768,681) (81181,674) (73266,606) (75650,631) 

(77046,656) (75136,629) (79676,666) (81554,677) (90043,682) (74830,626) 

(73854,611) (74792,624) (76601,650) (82801,679) (73497,609) (74197,622) 

(75835,642) (79215,663) (74799,626) (78089,660) 

 

 

Figure 4.8 Solutions for 50-5-1a with two objectives using weighted aggregation 

method with decoding methods 1 and 2 
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However, for small size problems of 20-5-1b, 20-5-2b, only limited several solutions 

are generated with invisible Pareto front (Fig.4.9), same results with Pareto method. 

 

 

 

4.3.3.2 Performance comparison between Pareto method and weighted aggregation  

             method 

 

The Pareto fronts obtained by the Pareto-based MOPSO method and by the weighted 

aggregation method on decoding methods 1 and 2 are given in appendix G, H. For large 

size problems with 100 and 200customers, most solutions in the set obtained from 

weight method are dominated by those obtained by Pareto based method for both 

decoding methods as shown in Fig.4.10 which demonstrate that the performance of the 

Pareto-based MOPSO is better. 

 

 

 

(38939,288) (28268,286) with decoding method 1 

(28756,288) (30651,289) with decoding method 2 

 

Figure 4.9 Solutions for 20-5-2b with two objectives using weighted aggregation 

method with decoding methods 1 and 2 

with decoding method 1 
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However, based on the experiments, it seems that the Pareto fronts obtained from 

weighted aggregation method has a wider spread with more solutions found, even 

though most of the solutions are dominated by those obtained by Pareto method. An 

example is illustrated in Fig.4.11 with the numbers of solutions in the Pareto front 

aren1(weighted) = 26, n2(Pareto) = 20.Even though most solutions obtained by 

weighted aggregation method are dominated by those obtained by the Pareto-based 

method, still some solutions in its set (point 1-7, 8, 9) are not dominated and locate on 

the terminal section of Pareto front. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Solution space by weighted aggregation method is beyond to Pareto method  

with 9 solutions(point1-7,8,9) on terminations of Pareto front 

 

 

 

Figure 4.11 Pareto front for 100-5-1a with two objectives using Pareto method and 

weighted aggregation with decoding method 1 

 

For middle size problems, these two sets of solutions are dominated each other, it 

cannot be concluded which performance is better (see Fig.4.12).  

with decoding method 2 

Figure 4.10 Solution comparison for 200-10-2a with two objectives between Pareto 

                    method and weighted aggregation method 
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For small size problems, performance of both methods nearly equals with poor solution 

quality on both decoding methods (Fig.4.13). 

 

 

As analyzed in sections 4.3.3.1 and 4.3.3.2, more precise measurement is needed to 

check these different set of solutions obtained by different methods to get more concrete 

comparison. 

 

4.3.4 Metric    for measuring different set of non-dominated solutions quality 

 

As mentioned above, because solutions obtained by different methods are dominated by 

one another for many cases, it is difficult to compare the quality of these two sets of 

non-dominated solutions. In this research, a measurement of metric    from Zitzler and 

Thiele (1999) is adopted to compare these Pareto sets and to evaluate the performance 

of algorithms. The Metric    measures the fractions of members of set B that are 

dominated by members of set A where the lower the ratio    is, the better the solution set 

in B is. The formula for the metric    is given below. 

 

        
   ∈    ∈       

   
(4.2) 

 

via decoding method 1 via decoding method 2 

Figure 4.12 Solution comparison for 50-5-2a with two objectives between Pareto  

method and weighted aggregation method with decoding methods 1 and 2 

via decoding method 1 via decoding method 2 

Figure 4.13 Solution comparison for 20-5-1b with two objectives between Pareto  

method and weighted aggregation method with decoding methods 1 and 2 
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It is important to note that the Pareto Front is obtained from the best non-dominated 

solutions found by all algorithms.  

 

4.3.4.1 Comparison of Pareto fronts on decoding methods 1 and 2 by Pareto method 

 

A measurement of metric    is used to check the solution quality by Pareto method on 

decoding methods 1 and 2. An illustration of the usage of this metric is shown in 

Fig.4.14 for problem instance 100-10-3b. 

 

 

 

 

 

Figure 4.14 Pareto fronts for 100-10-3b obtained by Pareto based MOPSO with 

decoding methods 1 and 2 

 

For decoding method 1, the number of solution n1=21, for decoding method 2, n2=27, 

   ∈      ∈         = 27-6 = 21,    ∈      ∈         = 0. 

 

          
  

  
     ,            

 

  
   

 

The values of    checking Pareto fronts obtained by decoding methods 1 and 2 for all 

test problem instances are presented in Table 4.6. 

 

Among the 30 test problem instances, the values of           for 18 instances are 

lower than values of          , and values of           for 12 instances are lower 

than values of          , demonstrating decoding method 2 is slightly inferior to 

decoding method 1. Another fact is that the differences between these two values are 

narrow for some cases and it demonstrates that the two solution qualities are similar. 

 

Table4.6 Comparison of    obtained by decoding methods 1 and 2 

                                                               
20-5-

1a 
0.25 0.50 

50-5-

3a 
0.11 0.71 

100-

10-2a 
0 0.8 

20-5-

1b 
0.67 0.25 

50-5-

3b 
0.29 0.44 

100-

10-2b 
0.74 0.08 

20-5-

2a 
0.50 0.33 

100-5-

1a 
0 0.85 

100-

10-3a 
0.88 0.11 

20-5- 0 0.67 100-5- 0.81 0 100- 0.78 0 
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2b 1b 10-3b 

50-5-

1a 
0.73 0.24 

100-5-

2a 
1 0 

200-

10-1a 
0 0.66 

50-5-

1b 
0.06 0.33 

100-5-

2b 
0.93 0 

200-

10-1b 
1 0 

50-5-

2a 
0.76 0 

100-5-

3a 
0.94 0 

200-

10-2a 
0 0.05 

50-5-

2b 
0 0.76 

100-5-

3b 
0.07 0.56 

200-

10-2b 
0 1 

50-5-

2BIS 
0 0.91 

100-

10-1a 
0 0.85 

200-

10-3a 
0.17 0.38 

50-5-

2bBIS 
0 1 

100-

10-1b 
0 1 

200-

10-3b 
0 0.94 

 

The statistics of the relative performance comparison between decoding methods1 and 2 

are also shown in Table 4.7. The statistics indicate that the performance of both 

decoding methods on small size and large size problems are nearly equal, however, the 

performance of decoding method 2 is better than those of decoding method 1 for middle 

size problem.  

 

 

 

4.3.4.2 Metric    for different set of non-dominated solutions quality between Pareto  

             method and weighted aggregation method 

 

The results of metric    for different set of solutions quality between Pareto method and 

weighted aggregation method are shown in Tables 4.8 and 4.9. For most of cases, the 

values of        are less than those of        , especially for large size problems, the 

differences between these two values are even bigger. Only for 2 cases for middle size 

problem on decoding method 1,         values for weighted aggregation method are a 

little bit less than         for Pareto method. And only for 2 or 3 cases for small size 

problem these two values are equal on both decoding method 1 and decoding method 2 

indicating the same quality.  

Note: P-using Pareto based method, W-using weighted method 

 

Table4.8 Comparison of    via decoding method 1 between Pareto method and 

weighted aggregation method 
                                                               
20-5- 0.26 0.68 50-5- 0.10 0.55 100- 0 1 

Table4.7 Statistics of values of    using Pareto method with decoding methods 1 and 

2 for solving multi-objective CLRP 

          <                   >                    
= 

          
No. in small size 

problems 

2 2 0 

No. in middle size 

problems 

6 2 0 

No. in large size 

problems 

10 8 0 
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1a 3a 10-2a 

20-5-

1b 
0 0 

50-5-

3b 
0.11 0 

100-

10-2b 
0.04 0.91 

20-5-

2a 
0 0 

100-5-

1a 
0.10 0.58 

100-

10-3a 
0.37 0.64 

20-5-

2b 
0 0 

100-5-

1b 
0 0.92 

100-

10-3b 
0 0.73 

50-5-

1a 
0.059 0.93 

100-5-

2a 
0.13 0.79 

200-

10-1a 
0.03 0.77 

50-5-

1b 
0.11 0.29 

100-5-

2b 
0 0.83 

200-

10-1b 
0 0.48 

50-5-

2a 
0.30 0.22 

100-5-

3a 
0.16 0.70 

200-

10-2a 
0 0.83 

50-5-

2b 
0.12 0.54 

100-5-

3b 
0 0.80 

200-

10-2b 
0 0.86 

50-5-

2BIS 
0.09 0.43 

100-

10-1a 
0.26 0.68 

200-

10-3a 
0 1 

50-5-

2bBIS 
0.20 0.50 

100-

10-1b 
0.15 0.47 

200-

10-3b 
0 0.73 

 

 
These data demonstrate that the performance of the proposed algorithm based on Pareto 

based method dominate those of the weighted aggregation method which is consistent 

with conclusion from previous research. For large size problems, the dominations are 

even more drastic. 

 

4.3.5 Other influence factors on solution quality 

 

(1) The movement strategy 

Table4.9  Comparison of    via decoding method 2 between Pareto method and 

weighted aggregation method 

                                                               
20-5-

1a 
0 0.78 

50-5-

3a 
0.11 0.64 

100-

10-2a 
0 1 

20-5-

1b 
0 0 

50-5-

3b 
0.29 0.6 

100-

10-2b 
0.42 0.52 

20-5-

2a 
0 0.1 

100-

5-1a 
0.07 0.74 

100-

10-3a 
0.13 0.52 

20-5-

2b 
0 0 

100-

5-1b 
0.31 0.46 

100-

10-3b 
0.37 0.5 

50-5-

1a 
0.29 0.59 

100-

5-2a 
0 1 

200-

10-1a 
0.04 0.8 

50-5-

1b 
0.19 0.37 

100-

5-2b 
0.15 0.52 

200-

10-1b 
0.86 0.04 

50-5-

2a 
0.34 0.38 

100-

5-3a 
0.18 0.53 

200-

10-2a 
0 0.7 

50-5-

2b 
0 0.73 

100-

5-3b 
0.07 0.88 

200-

10-2b 
0.15 0.52 

50-5-

2BIS 
0 1 

100-

10-1a 
0.08 0.55 

200-

10-3a 
0 0.45 

50-5-

2bBIS 
0.06 0.75 

100-

10-1b 
0 0.94 

200-

10-3b 
0.16 0.59 
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Experiments using MOPSO with MS1, MS2, and MS3(refer to Table4.1) are performed 

to check the effects of movement strategy on solution quality. The non-dominated 

solutions for 100-10-1a shown below in Fig.4.15 are obtained by running the proposed 

algorithms using 50 particles and 500 iterations. 

 

Note: MS5 with particle percentage of 25%, 25%, 25%, 25% for group1, 2, 3, 4 

Figure 4.15 Pareto fronts for instance of 100-10-1a with two objectives obtained 

using different movement strategies 

 

 

As shown in Fig.4.15 and in Table 4.10, the Pareto front obtained by MS5 is best in 

terms of the spread and number of non-dominated solutions found. The worst Pareto 

front are obtained by using MS2 with fewer points and many gaps in the Pareto front, 

Pareto fronts obtained using MS1 and MS3 are of intermediate quality, better than MS2 

both in terms of the number of non-dominated solutions and the spread. This finding is 

consistent with results in other problem domains since for movement strategy MS5, 

sub-groups of particles with diverse movement strategies allowe particles to move in 

different directions toward the Pareto front and lead to better results. 

 

(2) The number of iteration 

 

The number of iteration is also an important factor influencing solution quality. Three 

different Pareto fronts are shown in Fig.4.16 for test problem instance 100-5-2 using 

different number of iteration. The number of particles used is 80 particles and Pareto 

method is used with particle percentage of 40%, 20%, 20%, 20% for groups 1, 2, 3, and 

4. 

 

Table4.10 Comparison of    among 3 movement strategies for 10-10-1a 

                                                                        
0.60 0.05 1 0 0.11 0.41 

                                                                        
1 0 0 1 0.29 0.50 
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Figure 4.16 Pareto front for instance 100-5-2a with two objectives 

 

In general, the number of iterations should be large if time permitted. For the test 

problem instance 100-5-2a, the Pareto front obtained using 1000 iterations is not as 

good with many gaps in Pareto front. There is no much improvement when the number 

of iterations is increased to 1200 iterations. A marked improvement in the Pareto front 

with 1500 iterations is obtained for instance of 100-5-2a. 

 

(3) Distribution of particle percentage for 4 groups in a swarm 

 

The percentage distribution of groups in a swarm of Pareto method is also an important 

factor and some experiments are performed to demonstrate this. The Pareto fronts 

obtained by using different particle distribution of 4 particle groups in a swarm for test 

instance 200-10-1a are shown in Fig.4.17 below. The proposed algorithm was run using 

60 particles and 1500 iterations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: 1-using particles percentage of 40%, 20%, 25%, 15%   

          2-using particles percentage of 30%, 25%, 25%, 20%  

          3-using particles percentage of 25%, 25%, 25%, 25% 

Figure 4.17 Pareto front for instance 200-10-1a with two objectives using different 
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combination of groups in a swarm 

 

It is clear that the last Pareto front obtained with equal particle percentage of (25%, 

25%, 25%, 25%) is best when compared with the other two results, the percentage 

distribution of particles in MS5 may be problem dependent and must usually be 

determined empirically. It is recommended that equal percentage should be used as a 

starting point and adjusted as needed after the Pareto front obtained is examined. 

 

 

4.4 Conclusions 

 

In this chapter, a general capacitated LRP with two conflicting objectives of minimal 

total cost and maximal customer satisfaction is solved using the Pareto based MOPSO. 

A solution representation is described along with two modified decoding methods. The 

proposed algorithm is tested on a set of modified benchmark test problems with 

additional data to limit the number of vehicles. The proposed algorithm is also 

compared with the weighted aggregation method that is combined with PSO in a similar 

manner with MOGA. 

 

Experimental results reveal that the Pareto based MOPSO is competitive and is capable 

to obtain high quality Pareto front. Both decoding methods can yield good Pareto front 

but with different solution quality. Among the 30 test problem instances, the proposed 

algorithm failed to find a well-formed Pareto front for only two small size problems 

(20-5-1b, 20-5-2b). A measurement of metric    is also used to further demonstrate the 

performance differences between decoding methods 1 and 2. A large performance gaps 

between the Pareto based MOPSO and the weighted aggregation method is also 

demonstrated. The number of iteration, the movement strategy, and the distribution of 

particles for each particle groups also influence the solution quality. 
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CHAPTER 5 

GLNPSO COMBINED WITH ALNS FOR SOLVING CLRP 

 

This chapter discusses a recent heuristic named adaptive large neighborhood search 

(ALNS) introduced by Ropke and Pisinger(2006). ALNS belongs to the class of large 

scale neighborhood search algorithm (LSN) and had been successfully applied to find 

new best solutions for many variants of VRP(CVRP, MDVRP, 

SDVRP,OVRP,VRPTW), and on average use less vehicles when compared with other 

competing heuristics. ALNS-based algorithms are promising as the solution method for 

large scale problems (Azi et al., 2010, Pisinger and Ropke, 2007). The design of ALNS 

for combining with GLNPSO is described along with the complete GLNPSO-ALNS 

algorithm. The experimental results are discussed at the end of this chapter.  

 

5.1 GLNPSO-ALNS Algorithm 

 

5.1.1 Introduction of ALNS 

 

Adaptive large neighborhood search (ALNS) is a local search framework in which the 

current solution is modified by a number of competing simple algorithms. In each 

iteration, the current solution is destroyed by an algorithm and a new solution is formed 

by applying another algorithm to repair the destroyed solution. In other words, the 

current solution is partially destroyed and then repaired using some heuristics. The new 

solution replaces the current solution if some criteria defined by the local search 

framework are applied and the new solution satisfies the criteria. ALNS is an extension 

of the large neighborhood search algorithm (LNS, Shaw, 1997) and is also based on the 

Ruin and Recreate paradigm presented by Schrimpf et al. (2000), or the Rip up and 

Reroute paradigm applied in Dees and Karger (1982). ALNS can be based on any local 

search framework, e.g. simulated annealing, tabu search or guided local search. An 

outline of the ALNS framework from Pisinger and Ropke, (2007) is adopted in this 

research and it is shown in Fig.5.1 below. 

 

As shown in Fig.5.1, an important part in ALNS is the definition of destroy 

neighborhood (N
-
) and repair neighborhood (N

+
) which are simple and fast. The destroy 

neighborhood is to remove a given number of the variables (q). The removal can be 

done in several ways; e.g., random removal neighborhood to diversify the search, worst 

removal neighborhood to intensify the search, related removal neighborhood (Shaw 

removal heuristic) to interchange variables of solution. They can also be applied in 

1. Construct a feasible solution x ; set x* = x 

2. Repeat 

3. Select a destroy neighborhood N
−
 and a repair neighborhood N

+
 using roulette 

wheel selection based on previous scores {πj} 

4. Generate a new solution x' from x using the heuristics corresponding to the 

selected destroy and repair neighborhoods. 

5. If x' can be accepted then set x = x' 

6. Update scores πj of N
−
 and N

+
 

7. If f (x)<f (x
*
) set x

*
=x 

8. Until stop criteria is met 

9. Return x
*
 

Figure 5.1 A framework for ALNS algorithm; source: Pisinger and Ropke (2007) 
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combination. The repair neighborhood is to construct the new solution based on the 

concrete well-performing heuristics for the given problem domain which could be the 

simple greedy insertion or the expensive regret-2 insertion, regret-3 insertion. Interest 

readers can refer to (Ropke and Pisinger, 2006, Pisinger and Ropke, 2007, Ribeiro and 

Laporte, 2012) for more detailed discussions. 

 

In step1, an initial feasible solution x is construct by an algorithm such as greedy 

method or regret-2 heuristic, and it is set as the best solution x* for the problem. 

 

Step2 - 8 is the main loop of local search framework through n iterations running, e.g., 

SA, TS. 

 

In step3, in each iteration, a destroy neighborhood N
-
 and a repair neighborhood N

+
 is 

selected independently using a roulette wheel mechanism with the selection probability 

p(i) of the i
th

 neighborhood Ni determined as shown in formula 5.1. The neighborhood 

with high scores(πi) will have a high probability to be selected.  

 

     
  

   
 
   

 
(5.1) 

              πi - past scores of neighborhood Ni 

             ω - the total number of neighborhood 

 

The adaptive mechanism is based on the cumulative performance of each neighborhood 

in the past iterations. Past scores πi of neighborhood Ni is obtained from its past 

performance, The more frequent the neighborhood improves the solution, the higher the 

score of this neighborhood. As the destroy neighborhood N
-
 and the repair 

neighborhood N
+
 are independently selected, two separate roulette wheel mechanism 

are needed in the process. 

 

In step4, the current solution x is destroyed by the heuristic corresponding to the 

selected destroy operator N
-
, then repaired by a selected repair operator N

+
, and the new 

solution x' is generated. Sometimes, noise is added to the objective function to improve 

the diversification of the solution, i.e., reducing their similarity. 

 

In step5, the new solution x' is accepted according to a criterion applied in this main 

loop, such as in SA, if x'<x, x' is accepted with probability                 , which could 

avoid the local minimum. 

 

In step6, scores πi of selected destroy neighborhood N
-
 and repair neighborhood N

+
 is 

updated, the increased value of score σ is based on the comparison of new solution x' 

and the current best solution x*, and this score σ is divided into two equal parts for N
-
 

and N
+
. 

 

  
      

                                  (5.2) 

 

During ALNS process, a total of n iterations is divided into J segments with T iterations 

each, when a segment finished running, scores πi of each neighborhood Ni would be 

reset on formula5.3 and is used in the roulette wheel selection for the first iteration of 

the next segment. 

 



60 

 

        
     

  
                                  (5.3) 

 

     — the total scores obtained by Ni in T iterations during j
th

 segment 

αi— the number of time Ni is used in T iterations during j
th

 segment 

ρ — the reaction factor to control the weight adjustment to the change in the scores 

 

In step7, after the comparison, update the best solution x*. 

 

In step9, when finishing running, output the best solution x*. 

 

5.1.2 Design of GLNPSO-ALNS 

 

In this research, a specific ALNS is designed that it could be applied along with 

GLNPSO. The designed ALNS begins searching the best solutions following GLNPSO 

based on a swarm of particles{P1, …, Pm}, solutions of global best solution and the 

personal best solution obtained by GLNPSO are the initial solution for ALNS. Unlike 

those ALNS algorithms by Ropke and Pisinger (2006), Ribeiro and Laporte (2012), the 

proposed ALNS is simplified and modified to be combined with GLNPSO. 

 

1. Three simplified neighborhood{N1, N2, N3} are designed for this ALNS search (0-

1 swap, 1-1 exchange, and q option simultaneously), they have both destroy and 

repair functions, please refer to section 5.2for details. 

2. The incumbent solutions include the global best solution f(x*) and the personal 

best solutions {f(x1*), … ,f(xm*)} updated in each iteration. 

3. Simple acceptance criterion is defined that the new solutions is accepted if it is 

better than the current one. 

4. There is no noise and penalty added to the objective function during the 

neighborhood search.  

 

Based on the modification of ALNS, the whole process of GLNPSO-ALNS is 

illustrated below. 

 

In step1, for the initialization of ALNS, the personal best solution {f(x1
*
), … ,f(xm

*
)}of 

each particle {P1, …, Pm}, and the global best solution f(x*)obtained by GLNPSO are 

stored and served as the initial solutions for ALNS, both of them would be updated 

during the ALNS process. 

 

Score {π1, π2, π3} for each neighborhood {N1, N2, N3} are set to values of 1 for the 

roulette wheel selection in the first iteration of the first segment.  

 

Step2 - 8 is the main loop of local search framework. 

 

In step3, in each iteration, for k
th

 particle Pk, a neighborhood Ni is selected by a roulette 

wheel mechanism (formula 5.1) according to its past score πi, which is determined as 

described earlier.  

 

In step4, the current solution xk for Pk is modified by neighborhood Ni, and the new 

solution xk' is generated. 
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Step5 and step6 are combined as step5,compare the new solution f(xk') for Pk with the 

global best solution f(x
*
) and the personal best solution f(xk

*
), updating f(xk

*
) for Pk. 

 

The score σ for Ni for Pk is obtained based on three valued levels for the scores σ: 

σ1- if f(xk') of Pk is better than f(x*) 

σ2- if f(xk') of Pk is worse than f(x*), but better than f(xk
*
) 

σ3- if f(xk') of Pk is not better than f(xk
*
) 

 

Repeat step3-5, until all particles {P1, …, Pm} completed neighborhood search, scores πi 

of Ni is updated. 

 

  
      

                   (5.4) 

n1, n2, n3: number of occurrences of σ1, σ2, σ3 achieved by particles {P1, …, Pm}. 

 

When a segment is finished, πi of Ni would be reset on formula5.3 and it would be used 

in the roulette wheel selection for the first iteration of the next segment. 

 

In step7, update the global best solution f(x*) and the personal best solution  

{f(x1
*
), …, f(xm

*
)}. 

 

In step8, continue the (t+1)
th

 iteration and the (j+1)
th

 segment. 

 

In step9, output the global best solution f(x*). 

 

The details of the algorithm GLNPSO-ALNS is now given in its entirety.  

 

Algorithm of GLNPSO-ALNS 

 

Step1 Initialization 

The final solutions x obtained by GLNPSO is set as the global best solutions, x*=x, 

and global best objective function f(x*). Select and organize the particles as a 

swarm:{P1, …,Pm}, which get the final solutions, and respective personal best 

solution{f(x1
*
), …,f(xm

*
)}. 

 

a. the number of particle, m 

b. the number of segment, J 

c. the number of constructive iterations in a segment T(j
th

) 

d. neighborhood search, N1, N2, N3 

 

Step2 Begin running 

     2.1 j=1, j: the j
th

 segment 

     2.2 t=1, t: the t
th

 iteration of the j
th

 segment 

 

Step3 Select neighborhood search for particles of the swarm 

     3.1 k=1, k: the k
th

 particle (Pk) in the t
th

 iteration of the j
th

 segment 

 

     3.2 using roulette wheel selection to choose a neighborhood search Ni from the set1:  

           (N1,N2,N3 ), see formula 5.1 
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      (1) if t ≠ 1, j∈ n 

            based on results from step6.2, using formula(1) to calculate p(i), make  

            roulette wheel selection of Ni for Pk 

       (2) if t = 1 and j = 1 

            assign the same score for 3 neighborhood search, to equal the probability of  

            each selection for Pk 

π1=1, π2=1, π3=1  using formula(1),       
 

     
      

       (3) if t = 1 and j ≠ 1 

            based on the result of step8.2.1, using formula(1), make roulette wheel  

            selection of Ni for Pk 

 

Step4 Modify the current solution for the particle 

           based on the previous solution xk of particle Pk, generate a set of new solution  

           xk’ and f(xk’) by selected Ni 

  

F(x)=fixed cost of depots + total distance×100 + fixed cost of vehicles 

 

Step5 Compare with the best solution and update 

     5.1compare the f(xk’) gotten by Pk with f(x*) and f(xk
*
), get σi as follows: 

 

       σi=σ1=50: if Pk get a new global best solution 

       σi=σ2=20: if Pk get a new personal best solution, but less than the global  

                        best solution  

       σi=σ3=5: if Pk get a non-improvement of its personal best solution 

 

     5.2 update set2:{(Pk, Ni, σi), k=1, ..., m} 

 

     5.3 update the personal best solution f(xk*) for Pk 

 

Step6 Repeat neighborhood selection and modification for one particle  

     6.1 k=k+1, k≤m, go back to step3, and update set2:{(Pk, Ni, σi)} 

 

     6.2 update πi of each Ni of t
th

 iteration, using formula 5.4 and set2 {(Pk, Ni, σi), k=1,   

           ..., m} 

 

                                                             (5.4) 

         n1, n2, n3: Statistics of number of σ1, σ2, σ3 belonging to Ni 

 

Step7 Update the global best solution 

           update f(x*), if f(xk’)<f(x*), and  x*= xk’ 

 

Step8 Repeat of iteration and segment 

     8.1 t=t+1, t≤T, go back to step2.2, and update πi(t),  f(x*) 

 

     8.2 calculate πi for (j+1)
th

 segment based on the result of j
th

 segment  

         8.2.1 use formula(5.3), and is used in the roulette of the beginning for the next  

                   segment (j+1)
th
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                                 is the accumulated scores of Ni in the j
th

 segment 

                          ai= the number of times that Ni is used in the j
th

 segment  

                          ρ= 10
-2

, reaction factor 

 

             8.2.2 all score are reset to 0 for the next segment (j+1)
th

 

 

       8.3 j=j+1, j≤J, go back to 2.1, and update f(x*) 

 

step9 Finish running 

          return x
*
, f(x*) 

 

 

The flowchart of the proposed GLNPSO-ALNS is shown in Fig.5.2 below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

j-j
th

 segment   t-t
th

 iteration  k-k
th

 particle  Ni-i
th

 neighborhood search  

S-global best solution  Si-personal best solution of i
th

 particle 
 

Figure 5.2 Flowchart of ALNS combined with GLNPSO for solving CLRP 

 

After running GLNPSO, the personal best solution {f(x1
*
), …,f(xm

*
)} of particles {P1, 

…, Pm} and the global best solution f(x*) are stored as the initial solution for ALNS. 

Based on the roulette wheel selection (formula5.1), one neighborhood(Ni) is selected 

and the current solution f(x(i,t))is modified to f(x'(i,t)) of particle Pi in the t
th

 iteration. 

Then f(x'(i,t))is compared with f(xi
*
) and f(x*)and the better one would become the 

original solution f(x(i,t+1)) for the next iteration(t+1)
th

. The score σ is determined and 

f(xi
*
) is updated. When all particles {P1, …,Pm} finish the t

th
 iteration, update πi 

(formula5.4) and f(x*). When a total of T iterations in j
th

 segment is finished, reset πi for 
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each Ni (formula5.3) and use it for the 1
st
 iteration of the(j+1)

th
 for particles{P1, …, Pm} 

and beyond. The output f(x*) is obtained when the ALNS is executed. 

 

5.2 Neighborhood Research 

 

Neighborhoods proposed by Ropke and Pisinger, 2006, Hemmelmayr et al., 2012, 

Ribeiro and Laporte, 2012 include destroy and repair operators that are working 

successively. A multiple destroy operators(N
-
) are used to partially destroy a solution 

while the repair operator(N
+
) is applied to repair it to form a new solution. These 

combinations can operate on very large neighborhood with efficient search under the 

local search heuristic. 

 

The proposed neighborhoods in this research are quite simple when compared with the 

neighborhoods in these papers since the initial solutions for the proposed ALNS are the 

final solutions obtained by running the GLNPSO. The detailed algorithms of three 

neighborhood search see appendix I. 

 

5.2.1 0-1 swap(N1) 

 

The neighborhood of 0-1 swap (N1) is defined as a random selection of one customer 

from one route and insert it into another route according to the policy of the smallest 

additional cost, see Fig.5.3. In the proposed ALNS, this neighborhood would be applied 

q times to complete the search exploration. The new solution is accepted if it is better 

than the original solution. The 0-1 swap can only change the routes and customers 

assignment, but has no influence on depot selection for the current solution.  

 

The value of q has a significant influence on ALNS performance. If q is too large, then 

the "destroy" of current solution is extensive. The result of previous optimization could 

be damaged and may lead to poor solution quality and lengthy solution time. If q is 

small, then the neighborhood may not be sufficiently explored and the effect on solution 

quality may be limited. The value of q may be defined based on the size of instance. 

 

 

Figure 5.3 An illustration of 0-1 swap 

 

Algorithm: 0-1 swap(N1) 

1. Input q, the number of time to applied 0-1 swap(N1), current solution S with 

distribution D=(R1, ..., Rm). 

2. Randomly select customer a from route Ra, depot Pa, remove it, and update Ra → R'a, 

Pa→P'a. 

3. Make a candidate of new allocation by inserting a into 1
st
 route R1(not Ra), and check 

feasibility by evaluating its vehicle capacity and depot capacity. 

4. If feasible, construct the new routes of candidates R1'according to the policy of the 

smallest additional cost, otherwise, go back to step2. 
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5. Determine the distance difference between two modified routes and their original one 

Δd1-1 = d(R'a+R1') -d(Ra+R1). 

6. Repeat steps 3-5, construct the set (Δd1-1, ..., Δd1-(m-1)) and select the set with smallest 

value. Customer a is assigned to that route, update q=q-1 and the corresponding 

route R1' 

7. Repeat steps 2-6, until q=0, and the modified  distribution D'; 

8. Calculate the distance difference Δd between the modified distribution and original 

one Δd = d(D') - d(D).If Δd< 0, accept this neighborhood and calculate the 

corresponding modified solution S'; otherwise, reject this neighborhood. 

 

5.2.2 1-1 exchange(N2) 

 

The neighborhood of 1-1 exchange (N2) is defined as a random selection of one 

customer each from two different routes and exchange between the routes under the 

requirements of depot capacity and vehicle capacity (Fig.5.4). In the proposed ALNS, 

the 1-1 exchange (N2) neighborhood would be applied q times to complete the search 

exploration. The corresponding solution is accepted if modified route is better than the 

original one. The 1-1 exchange can only change the routes and customer assignment, 

but has no influence on depot selection for the current solution. For different size of 

problems, the value of q is also defined according to problem size. 

 

 

Figure 5.4 An illustration of 1-1 exchange 

 

Algorithm of 1-1 exchange (N2) 

1. Input q, the number of couples to be exchanged current solution S with distribution 

D=(R1, ..., Rm); 

2. Randomly select customer a from route Ra, depot Pa randomly select customer b 

from route Rb, depot Pb, Ra ≠ Rb; 

3. Make candidates by exchange a, b location and check feasibility by evaluating 

vehicle capacity and depot capacity respectively; 

4. If feasible, construct the new routes of candidates R'a, R'b, according to the policy of 

the smallest additional cost, update corresponding routes R'a, Rb', P'a, P'b, and q=q-

1; otherwise, go back to step2; 

5. Repeat steps 2 to 4 q times of one couples exchanged, and build the modified 

distribution D' 

6. Calculate distance difference Δd between the modified distribution and the original 

one Δd = d(D') - d(D) if Δd < 0, accept this neighborhood, determine the 

corresponding modified solution S'; otherwise reject it. 

 

5.2.3 q option simultaneously(N3) 

 

The neighborhood of q option simultaneously is to randomly select q customers 

simultaneously from the distribution D, under the requirements of depot capacity and 

vehicle capacity. The selected customers is inserted into other route one by one 

according to the policy of the smallest additional cost(Fig.5.5) and a new solution is 
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obtained. By checking the corresponding solution, this modification is accepted if the 

modified solution is better than the original one. For different size of problems, the 

value of q may be defined as a percentage of problem size. The q option simultaneously 

can only change the routes and customers assignment with no influence on depot 

selection for the current solution. 

 

Compared with neighborhood of 0-1 swap and 1-1 exchange, this neighborhood has 

more impact on solution quality, because more customers are removed simultaneously 

thus making a strong destroy of current solution. With the repair process of one by one 

insertion, the newly created solution would be changed greatly.   

 

 

Figure 5.5 An illustration of 3 option simultaneously 

 

Algorithm of q option simultaneously(N3) 

1. Input q, the number of customers to be removed current solution S with 

distribution D=(R1, ..., Rm); 

2. Randomly select q customer a1, ..., aq from route Ra1, ..., Raq, remove them, and 

update Ra1→R'a1, ..., Ra1→R'aq; 

3. Make a candidate of new allocation by inserting a1 into 1
st
 route R1(not Ra1), and 

check feasibility by evaluating its vehicle capacity and depot capacity; 

4. If feasible, construct the new routes of candidates R1'according to the policy of 

the smallest additional cost; otherwise, go back to step2, select a1 again; 

5. Determine distance difference between the modified two routes and the original 

routes Δd1-1 = d(R'a1+R1') -d(Ra1+R1); 

6. Repeat step 3-5, construct the set (Δd1-1, ..., Δd1-(m-1)), the smallest one is 

selected, customer a1 is fixed in that route, update corresponding route R1';q=q-1 

7. Repeat step 2-6, until finish q customers insertion with the modified D'; 

8. Calculate distance difference Δd between the modified distribution and the 

original one Δd = d(D') - d(D) if Δd < 0, accept this neighborhood, determine 

corresponding modified solution S'; otherwise, reject it. 

 

5.3 Numerical Experiments 

 

5.3.1 Parameters setting and experimental environment 

 

A total of 6 ALNS parameters are considered in this research. They are the number of 

segment (J), the number of iterations in a segment(T), the reaction factor to control the 

weight adjustment(ρ, formula5.3), the number of changed customers q1 for 

neighborhood search 1(N1), the number of changed customers q2 for neighborhood 
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search 2(N2), the number of customers changed q3 for neighborhood search 3(N3). The 

values of these parameters are varied with different size of problems (Table5.1).  

 

 

The values of parameters belonging to GLNPSO are still same with previous one used 

for solving CLRP in Tables 3.5, 3.7, 3.8 and 3.9. 

 

The GLNPSO-ALNS algorithm is implemented in C# programming language under 

Microsoft Visual Studio.NET4.0. The experiments are carried out on a desktop 

computer with Intel (R) Core(TM)2 Quad CPU, Q9550 @ 2.83GHz, 2.83GHz, 3.00GB 

of RAM. 

 

5.3.2 Experiments using decoding method 1 and the analysis 

 

Experiments are conducted on the same benchmark test problem instances from 

Prodhon(2010) (http://prodhonc.free.fr/Instances/instances_us.htm) using decoding 

method 1 and decoding method 2 respectively. 

 

Experimental results based on decoding method 1 by GLNPSO-ALNS are shown in 

Table5.2. The best solutions after running GLNPSO-ALNS are compared with the best 

solution using only GLNPSO, the percent deviation Dev (%) is defined as (Z(heuristic)

－Z(BKS))/Z(BKS), The BKS’s are reported in Ting and Chen (2013). ΔDev refers to the 

improvement of solution quality obtained between GLNPSO-ALNS and GLNPSO, 

      is the average solution quality improvement for all instances. 

 

Table5.2 The improvement of the best solutions using GLNPSO-ALNS on 

decoding method 1 for CLRP 

instance  BKS  GLNPSO GLNPSO-

ALNS ΔDev=(DevGLNPSO -  

DevGLNPSO-ALNS) best 

solution 

Dev 

(%) 

best 

solution 

Dev 

(%) 

20-5-1a 54793 54149 -1.18 54149 -1.18 0 

20-5-1b  39104 44297  13.28 42997 9.96 3.32 

20-5-2a 48908 50369 2.99 49969 2.17 0.82 

20-5-2b 37542 41511 10.57 41511 10.57 0 

50-5-1a 90111 92685 2.86 92685 2.86 0 

Table5.1 Values of parameters for ALNS following GLNPSO 

 Small 

size 

Middle 

size 

Large size 

with 100 

Large size 

with 200 

the number of segment J 2 2 2 2 

the number of iterations in a 

segment T 
40 40 60 60 

Reaction factor ρ 10
-2

 10
-2

 10
-2

 10
-2

 

the number of changed customers q1 

in N1 
4 8 15 25 

the number of changed customers q2 

in N2 
3 6 10 15 

the number of customers changed q3 

in N3 
4 8 15 25 

http://prodhonc.free.fr/Instances/instances_us.htm
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50-5-1b 63242 63385 0.22 63385 0.22 0 

50-5-2a  88298 97419  10.33  96419  9.20  1.13 

50-5-2b  67308 70819  5.21  70319  4.47  0.74 

50-5-2bBIS  84055 58674  13.22  56474  8.98  4.24 

50-5-2BIS  51822 86685  3.13  86085  2.42  0.71 

50-5-3a  86203 90761  5.29  90061 4.48  0.81 

50-5-3b 61830 66361 7.33 66361 7.33 0 

100-5-1a 274814 294490 7.16 294490 7.16 0 

100-5-1b  213615 229490  7.43  228990  7.20  0.23 

100-5-2a 193671 193046 -0.32 193046 -0.32 0 

100-5-2b 157095 156246 -0.54 155846 -0.80 0.26 

100-5-3a 200079 205187 2.55 205187 2.55 0 

100-5-3b 152411 154587 1.43 154587 1.43 0 

100-10-1a 287983 285064 -1.01 285064 -1.01 0 

100-10-1b 231763 231202 -0.24 231202 -0.24 0 

100-10-2a  243590 242790  -0.33  242690 -0.37  0.04 

100-10-2b  203988 203790  -0.10  203590 -0.20  0.10 

100-10-3a 250882 246879 -1.60 246879 -1.60 0 

100-10-3b 204317 200579 -1.83 200579 -1.83 0 

200-10-1a 477248 494253 3.56 494053 3.52 0.04 

200-10-1b 378351 384811 1.71 384811 1.71 0 

200-10-2a 449571 472770 5.16 472270 5.05 0.11 

200-10-2b 374330 386670 3.30 386670 3.30 0 

200-10-3a 469433 478828 2.00 477028 1.62 0.38 

200-10-3b 362817 368360 1.53 368160 1.47 0.06 

Whole Average          = 0.433 

 

 

 

Figure 5.6 Results of ΔDev for each instance between GLNPSO and GLNPSO-

ALNS on decoding method 1 
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 Among 30 instances the solution quality for 15 instances are improved after 

running ALNS compared with solutions using only GLNPSO. This indicate that ALNS 

is effective for improving solution obtained by GLNPSO with decoding method 1. 

 

 The values of ΔDev for 15 improved instances are not significant ranging between 

0.04% and 4.24%.The average improvement for all instances is only 0.433%. 

 

 No new best solution is generated. The improvement by ALNS on solutions 

obtained via decoding method 1 is not high. 

 

 For the three problem instances of 20-5-1b, 50-5-2a and 50-5-2bBIS, even after 

applying ALNS, the solution quality is still bad with deviation nearly 10%.For the 

instances of 20-5-2b with the original deviation over 10%, ALNS cannot improve the 

solution quality at all. 

 

As a whole, the effectiveness of ALNS on CLRP using decoding method 1 is not 

obvious, it only limit to improve some instances. 

 

 

5.3.3 Experiments using decoding method 2 and the analysis 

 

Experiments based on decoding method 2 by GLNPSO-ALNS are performed with the 

same set of parameters and the results are revealed in Table5.3. 

 

Table5.3 The improvement of the best solutions using GLNPSO-ALNS on 

decoding method 2 for CLRP 

instance  BKS  

GLNPSO GLNPSO-ALNS 
ΔDev= (DevGLNPSO -  

DevGLNPSO-ALNS) 
best 

solution 

Dev 

(%) 

best 

solution 

Dev 

(%) 

20-5-1a 54793 55034 0.44 55034 0.44 0 

20-5-1b  39104 41929 7.22 41164 5.27 1.95 

20-5-2a 48908 48895 -0.02 48236 -1.37 1.35 

20-5-2b 37542 38966 3.79 38966 3.79 0 

50-5-1a  90111 93290 3.53 92553 2.71 0.82 

50-5-1b 63242 64418 1.86 64418 1.86 0 

50-5-2a  88298 91797 3.96 91374 3.48 0.48 

50-5-2b  67308 68949 2.44 68735 2.12 0.32 

50-5-

2bBIS  
51822 54973 6.08 53001 2.28 3.8 

50-5-2BIS  84055 85367 1.56 84813 0.90 0.66 

50-5-3a  86203 87962 2.04 87946 2.02 0.02 

50-5-3b 61830 63998 3.51 62683 1.38 2.13 

100-5-1a 274814 291420 6.04 290000 5.53 0.51 

100-5-1b 213615 220752 3.34 220752 3.34 0 

100-5-2a 193671 198223 2.35 196490 1.46 0.89 

100-5-2b 157095 159446 1.50 159217 1.35 0.15 

100-5-3a 200079 206710 3.31 204787 2.35 0.96 

100-5-3b 152441 154741 1.53 154393 1.28 0.25 

100-10-1a 287983 322954 12.14 322954 12.14 0 
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100-10-1b 231763 271876 17.31 271876 17.31 0 

100-10-2a  243590 248806 2.14 247239 1.50 0.64 

100-10-2b  203988 207502 1.72 207247 1.60 0.12 

100-10-3a 250882 262405 4.59 261001 4.03 0.56 

100-10-3b 204317 209540 2.56 209536 2.55 0.01 

200-10-1a 477248 489876 2.65 486748 1.99 0.66 

200-10-1b 378351 385785 1.96 385785 1.96 0 

200-10-2a 449571 457168 1.69 457168 1.69 0 

200-10-2b 374330 381297 1.86 381297 1.86 0 

200-10-3a 469433 480348 2.33 480348 2.33 0 

200-10-3b 362817 370746 2.19 370746 2.19 0 

Whole Average           = 0.543 

 

 

 After running ALNS, a total of 19 instances are yielded better solution quality 

when compared with solutions using only GLNPSO, so, ALNS is also effective for 

improving solutions obtained via decoding method 2. 

 

 Values of ΔDev for improved 19 instance is not significant, which range between 

0.01%and 3.8%(Fig.5.6), and the average improvement for all instances is 0.543%; 

 

 No new best solution is generated and the improvement of solutions by ALNS 

with decoding method 2 is also not high; 

 

 These two kinds of results (19, 0.543%), compared with those (15, 0.433%) on 

decoding method 1, reflects a fact that ALNS is more effective for solving CLRP when 

using decoding method 2; 

 

 

Figure 5.7 Results of ΔDev for each instance between GLNPSO and GLNPSO-

ALNS on decoding method 2 
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 For the instances of 100-10-1a, 100-10-1b with the original deviation over 10%, 

ALNS still cannot improve the solution quality; 

 

As a whole, the effectiveness of ALNS on CLRP on decoding method 2 is also not 

obvious, it only limit to improve some instances. 

 

The computational time is in terms of seconds. Based on the running time of the original 

GLNPSO and running time of GLNPSO-ALNS, ALNS spent only a little running time 

for running ALNS, and the time is related to the number of segment(J) and the number 

of iteration in each segment(T), the number of particle(n), and a little influenced by the 

size of instance. There is no relationship with the type of decoding and other 

parameters. Computational time is on the average for 5 runs. It is given only as a 

reference for practitioners to judge the adequacy of the method in terms of solution 

time. 

 

Table5.4 Computational time of ALNS for different size of instances of CLRP 

 small size medium size large size(100 

customers) 

large size(200 

customers) 

J/2, T/40, n/20 J/2, T/40, n/40 J/2, T/40, n/50 J/2, T/60, n/50 

Average(s) 1.5～2.0 3.5～5.0 6.0～9.0 15.0～23.0 

 

 

5.4 Conclusions 

 

In this chapter, the application of adaptive large neighborhood search (ALNS) combined 

with GLNPSO for solving CLRP is proposed to improve the solution quality. Three 

kinds of neighborhood search(0-1 swap, 1-1 exchange, and q option simultaneously) are 

designed with both destroy and repair function in the proposed ALNS. 

 

Experiments are conducted for solving CLRP with decoding methods 1 and 2 

respectively. Solutions quality for 15 instances on decoding method 1 and 19 instances 

on decoding method 2 are slightly improved using GLNPSO-ALNS over the original 

GLNPSO method. Computational time for running ALNS is small with only several 

additional seconds spent.  

 

However, no any new best solution is found. The improvement of solution quality is not 

high. The maximum difference ΔDev of deviation between GLNPSO and GLNPSO-

ALNS is only 4.24% on decoding method 1, and 3.8% on decoding method 2. Solution 

quality for some instances still cannot be improved, and solution quality is still bad after 

applying ALNS with deviations of nearly 10%. 
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CHAPTER 6 

CONCLUSIONS AND RECOMMENDATIONS 

 

6.1 Conclusions 

 

This research focuses on the application of the algorithm based on GLNPSO to solve 

both single and multiple objectives capacitate location routing problem (CLRP).  

 

The first part of this research deals with a general capacitated location routing 

problem(CLRP). It is a general LRP with homogeneous fleet and with constraints on 

both depot and vehicle. An algorithm based on GLNPSO (Pongchairerks and 

Kachitvichyanukul, 2009a) is developed to solve CLRP. Based on the GLNPSO 

framework, the design of solution representation and decoding methods for CLRP are 

presented. One specific solution representation uses the position of a multi-dimensional 

particle to represent depot and customer. Two decoding methods are designed to 

transform the position of a particle into depot selection, customer assignment, and 

vehicle routes. The proposed algorithm is tested using published benchmark test 

problem instances and the results are compared with published algorithms found in 

literature: SALRP, GRASP+ILP, and MCOA. The experimental results demonstrate 

that the GLNPSO-based algorithm can effectively solve CLRP and it is competitive 

with previously published algorithms. The decoding method 1 yields a total of 9 new 

best solutions with 8 out of 18 large size instances. Decoding method 2 also finds 1 new 

best known solution for small size instances. However, for some test problem instances, 

the solutions obtained are still far from BKS with deviation over 10%. In addition to the 

traditional performance measures of solution quality and solution time, four additional 

performance indices are established to provide more comprehensive assessment of 

different solutions. 

 

The second part of the research considers a bi-objective CLRP. The second objective is 

to minimize the number of demand lost due to the limit on vehicle capacity. The 

approach used is based on the MOPSO algorithm (Nguyen and Kachitvichyanukul, 

2010) that modified the search direction by replacing the global best particle with 

reference particles selected from the current incumbent solutions on the Pareto front. 

The same solution representation from the single objective case is used. The two 

decoding methods are modified to accommodate the second objective function. The 

benchmark test instances are also modified to include the limit on the number of 

vehicles. The final results demonstrate that the algorithm based on MOPSO can search 

for high quality Pareto front for most test problem instances. The Pareto front found by 

the proposed algorithm for all test problem instance are reported.  

 

Finally, an algorithm based on adaptive large neighborhood search(ALNS) is designed 

and combined with GLNPSO to solve single objective CLRP. Based on the 

definition(Ropke and Pisinger, 2006), ALNS is modified to be combined with GLNPSO 

to form  algorithm GLNPSO-ALNS. Three kinds of neighborhoods (0-1 swap, 1-1 

exchange, and q option simultaneously) are designed with both destroy and repair 

functions. During the adaptive large neighborhood search, the weight of each 

neighborhood, the global best solution of the swarm and the personal best solution of 

each particle are updated in each iteration, until the run is complete. Experiments 

conducted on both decoding methods reveal that based on GLNPSO-ALNS, the 

solutions quality for 15 instances obtained via decoding method 1 and 19 instances 
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obtained via decoding method 2 are improved when compared with those obtained by 

GLNPSO method alone. The computational time for running GLNPSO-ALNS is only 

several seconds longer. The maximum improvement of solution quality on deviation 

from BKS between GLNPSO-ALNS and GLNPSO is only 4.24% for decoding method 

1, and 3.8% for decoding method 2. 

 

In conclusion, the proposed GLNPSO show its competitive ability in term of solving 

single objective and multi-objective location routing problems which can be compared 

with art-to-date meta-heuristics and algorithms. It should further explore the 

performance of GLNPSO to extend the application space and to solve other NP-hard 

problems. 

 

 

6.2  Recommendations 

 

The recommendations and guidance of this research current findings could be 

summarized into two main areas, one is the improvement of GLNPSO performance, 

another is the increase of application scope, the details are listed below: 

 

 The increase of the effectiveness and efficiency of GLNPSO will be an 

important task in the next step, especially for solving large size problems. As 

shown by experimental results, even using improved algorithm of GLNPSO-

ALNS, some instances obtain the solution with the deviation to BKS over 10%. 

One way is to utilize the advantage of some meta-heuristics to enhance the 

searching ability, such as mutation operator of GA, incorporated with GLNPSO 

to diversify particle of the swarm during particles searching, so as to avoid PSO 

weakness of premature convergence and local optima. 

 

 More detailed data representing the reality, e.g., time window, heterogeneous 

fleet, pickup and delivery simultaneously, dynamic data, should be considered 

for LRP. New test problem instances should be created. 

 

 Problems solved in this research only represent depot layer and customer layer, 

the application room of GLNPSO should extend to other layers such as supplier 

level and manufacture level. 

 

 Other NP-hard problems existed in industrial sectors, e.g., transportation, 

delivery service, retailing, would be applied to GLNPSO and Pareto-based 

MOPSO.  
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APPENDIX A 

ALGORITHM OF DECODING METHOD 1 

 

θlh—position of the l
th

 particle at the h
th

 dimension, h∈{1, … , m , m+1, … , m+n} 

di—i
th

 depot, i=1, …, m,  cj—j
th

 customer,  j=1, …, n 

 

Construct the depot-customer distance priority matrix (Wi={ wi1, …, win}, 

i=1, …, m) 

a. set i=1 

b. construct the distance priority of all customers cj to each depot di 

i. Wi= ¢ 

ii. calculate the Euclidean distance between depot di and customer cj following  

     formula(1) 

                                        (1) 

iii. build set Ai = {Δi1, Δi2, …, Δin} 

iv. Select customer c from set Ai where Δic = minΔij , ∈ 1~ n 

v. add c to the last position in set Wi, update Wi, remove c from set Ai, update Ai 

vi. repeat step b.iv, until Ai =¢ 

c. if i=m, stop, otherwise, i=i+1, repeat step b 

 

Construct the customer-customer distance priority matrix 

 (Tj={ tj1, …, tjn}, j=1, …, n) 

Algorithm is same with Construct the depot-customer distance priority matrix 

 

Construct the priority list of dimensions of the depots (U) 

a. Build set S1 = { θl1, …, θlm },  and U = ¢； 

b. Select c from set S1 where min θlc =min θlh; 

c. Add c to the last position in set U, update U; 

d. Remove c from set S1, update S1; 

e. Repeat step b until S1 =¢; 

 

Construct the priority list of the dimensions of the customers (E) 

The algorithm is same with constructing the priority list of the depots 

 

Construct the allocation of customers to depot (V1 , …, Vm) 

a. set i=1 

b. depot d = Ui 

    build set Vi = {d} 

c. b=1,  c=Wi,b 

     i. make a candidate of new allocation by inserting customer c into Vi 

     ii. check feasibility of candidate Vi by evaluating the capacity of d 

     iii. if it is feasible, remove c from the Wi, adding into Vi, update Wi, Vi, go to  

          step d 

     iv. if not feasible, go to step e 

d. if b=n, go to step e, otherwise, b=b+1, repeat step c 

e. if i=m, stop, otherwise, i=i+1, repeat c 

 

Construct the candidate route based on (Tj={ tj1, …,  tjn},  j=1, …, n) 

a.  set i=1     
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b.  construct routes for each allocation Vi 

   i. set l=1         

   ii. build one route Ril,  d=Ui ,  set Ril ={d}        

   iii. insert customer c into the route Ril, where θc= min θj,  j∈Vi , update route Ril 

   iv. remove c from the Vi , update Vi 

   v. using matrix(Tj,  j=1, …, n) to make candidate route Ril 

             1) based on set Tc={ tc1, …,  tcn}, select customer a where tca =min tck, k∈Vi 

       2) make the candidate route Ril by inserting a into the last position of Ril 

       3) check the feasibility of the candidate route Ril by evaluate the vehicle   

           capacity 

      4) if feasible, update candidate route Ril, remove a from Vi, update Vi ,  

           remove tca from Tc, update set Tc, then go to step 6 

      5) if not, l=l+1, go to step b.ii         

      6) if Vi={φ} , go to step c, otherwise go to step b.v.1 

       c. if i=m, stop; otherwise i=i+1, repeat step b 

 

Construct the route for candidate Ril 

a. set i=1 

b. set l= 1 

c. select customer cj from Ril = {d, c1, …} 

d. inserting customer cj into the position which has the smallest additional cost in  

    route l 

e. repeat step c, until all customers are inserted 

f. l=l+1, repeat a, until finish route construction for depot i 

g. i=i+1, repeat a, until finish route construction for all depot 
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APPENDIX B 

ALGORITHM OF DECODING METHOD 2 

 

θlh—position of the l
th

 particle at the h
th

 dimension, h∈{1, … , m , m+1, … , m+n} 

di—i
th

 depot, i=1, …, m,  cj—j
th

 customer,  j = 1, …, n 

 

Construct the priority list of the depots U = (U1, …, Um)  

a. built set U, set U = ¢; 

b. take out the first part dimensions of particle belonging to depot index, i=1, …, m; 

c. put each depot index into U, and sorting them in ascending order according to its  

    position value; 

 

Construct the priority list of the customers E = (E1, …, En) 

a. built set E, set E = ¢; 

b. take out the second part dimensions of particle belonging to customer index,  

     i=m+1,…,m+n; 

c. put each customer index into E, and sorting them in ascending order according to  

    its position value,     E=(E1,…,En); 

 

Construct the matrix of customer-customer distance priority W =  

(Wj = ({Wj1, …, Wjn}, not include customer i),  j = 1, …, n) 

For each customer i, i = 1,…, n 

a. set i = 1; 

b. construct the priority of customers i to all of other customers j,  j=1,…, n,  j ≠ i 

   i. Wi= ¢ 

   ii. calculate the Euclidean distance between i and j following formula(1) 

 

                                   (1) 

 

   iii. put each dij(j=1,…, n,  j ≠ i) into Wi, sorting them in ascending order  

        according to its value; 

       c. if i = n, stop, otherwise, i=i+1, repeat step b; 

 

Clustering customers based on neighborhood search and priority  

G =(G1, …, GT) 

a. set  j=1 

b. set customer c = E1,  remove c from E, update E, set cluster Gj = {c}; 

c. based on matrix of customer-customer distance priority W, clustering  

customers 

i. select customers a on the 1
st
 position of set Wc, make it as a candidate in 

cluster Gj; 

ii. check feasibility of candidate a by comparing total demand of in cluster Gj 

     with vehicle capacity; 

iii. if it is feasible, remove a from E, update E with customer priority, remove a 

     from W, update W, then go to step c.v; 

iv. if it is not feasible, go to step d; 

v. select customer a on the next position of Wc, repeat step c.ii; 

       d. if j = n, stop, otherwise, j=j+1, repeat step b; 

       e. the set of customers cluster  G = (G1, …, GT),  T – the number of groups  

           constructed 
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Allocating customer cluster Gj to depot U 

    a. construct the geometrical centers (xj, yj) of each customer cluster Gj following  

       formula(2) 

 

   
    

  
   

  
   

    

  
   

  
             ∈   (2) 

 

    b. construct the matrix of depot-cluster distance priority V(V1, …, Vm) 

        i. i = 1 

        ii. depot a = Ui,  set Vi = {a}; 

        iii. calculate dij, j = 1, …, T, the Euclidean distance between depot a and  

             center of cluster Gj following formula(1); 

        iv. put Gj,  j = 1, …, T into Vi, sorting them in ascending order according to  

             value of dij; 

        v. if i = m, stop, otherwise, i = i+1, go to step b.ii; 

    c. allocate cluster Gjto depot Ui 

        i. i = 1  

        ii. select cluster C on the 1
st
 position of set Vi, make it as a candidate; 

        iii. check the feasibility of C by comparing total demand with Ui capacity; 

        iv. if it is feasible, continue to select cluster C on the next position of Vi , go  

             back to step c.iii;  

        v. if it is not feasible, remove all clusters not selected in Vi, update Vi ; remove  

            all clusters selected in all other Vj, j≠i, update Vj ; i = i+1, go to step c.ii; 

    d. remove depot j not be selected with its Vi, update V; 

 

      Construct the route Rijin Vi 

a. i = 1 

b. j = 1 

c. construct Rij = {Ui}, select one cluster C from Vi,  

 i. take out the first customer c in Cand insert it into Rij fixing its position by the  

 policy of the smallest additional cost in Rij;  

 ii. take out the next customer c in C, and insert it into Rij by the same policy; 

 iii. finish the construction of Rij, remove cluster C from Vi; 

d. j = j+1, go to step c; 

e. finish all routes construction of Rij for Vi; 

f. i = i+1, go to step b; 

g. finish all routes construction for whole V; 
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APPENDIX C 

THE BEST SOLUTION ON DECODING METHOD 1 USING GLNPSO 

 

instance BKS 
solutions DEV 

Min Ave Max Min(%) Ave(%) Max(%) 

20-5-1a 54793 54149 54149 54149 -1.18 -1.18 -1.18 

20-5-1b 39104 44297 44297 44297 13.28 13.28 13.28 

20-5-2a 48908 50369 50369 50369 2.99 2.99 2.99 

20-5-2b 37542 41511 41511 41511 10.57 10.57 10.57 

50-5-1a 90111 92685 92885 93185 2.86 3.08 3.41 

50-5-1b 63242 63385 63510 63585 0.22 0.42 0.54 

50-5-2a 88298 97419 97783 98314 10.33 10.74 11.34 

50-5-2b 67308 70819 70819 70819 5.21 5.21 5.21 

50-5-2BIS 84055 86685 87165 87885 3.13 3.70 4.56 

50-5-

2bBIS 
51822 58674 58834 59074 13.22 13.53 13.99 

50-5-3a 86203 90761 90978 91461 5.29 5.54 6.10 

50-5-3b 61830 66361 66544 66761 7.33 7.62 7.98 

100-5-1a 274814 294490 295707 296190 7.16 7.60 7.78 

100-5-1b 213615 229490 229840 230090 7.43 7.60 7.71 

100-5-2a 193671 193046 193666 193946 -0.32 -0.002 0.14 

100-5-2b 157095 156246 156706 157046 -0.54 -0.25 -0.03 

100-5-3a 200079 205187 205887 206387 2.55 2.90 3.15 

100-5-3b 152411 154587 154647 154887 1.43 1.47 1.62 

100-10-1a 287983 284864 285289 285464 -1.01 -0.94 -0.87 

100-10-1b 231763 231202 232958 234464 -0.24 0.52 1.17 

100-10-2a 243590 242790 242965 243290 -0.33 -0.26 -0.12 

100-10-2b 203988 203790 204030 204290 -0.10 0.02 0.15 

100-10-3a 250882 246879 247379 247879 -1.60 -2.35 -1.40 

100-10-3b 204317 200579 200879 201079 -1.83 -1.68 -1.59 

200-10-1a 477248 494253 500450 505640 3.56 4.86 5.95 

200-10-1b 378351 384811 387729 389341 1.71 2.48 2.90 

200-10-2a 449571 472770 473095 473770 5.16 5.23 5.38 

200-10-2b 374330 386670 386745 386870 3.30 3.32 3.35 

200-10-3a 469433 478828 479278 479828 2.00 2.10 2.21 

200-10-3b 362817 368360 368885 369260 1.53 1.67 1.78 
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APPENDIX D 
THE BEST SOLUTION ON DECODING METHOD 2 USING GLNPSO 

 

 
  

instance BKS solutions Dev(%) 

Min Ave Max Min Ave Max 

20-5-1a 54793 55034 55054 55076 0.44 0.48 0.52 

20-5-1b 39104 41929 41957 42006 7.22 7.30 7.42 

20-5-2a 48908 48895 48895 48918 -0.02 -0.02 0.02 

20-5-2b 37542 38966 39016 39103 3.79 3.93 4.16 

50-5-1a 90111 93290 93590 93790 3.53 3.86 4.08 

50-5-1b 63242 64418 64782 65012 1.86 2.44 2.80 

50-5-2a 88298 91797 92047 92677 3.96 4.25 4.96 

50-5-2b 67308 68949 69478 69608 2.44 3.22 3.41 

50-5-2BIS 84055 85367 85705 86005 1.56 1.96 2.32 

50-5-2bBIS 51822 54973 55013 55432 6.08 6.16 6.97 

50-5-3a 86203 87962 88142 88523 2.04 2.25 2.69 

50-5-3b 61830 63998 64128 64598 3.51 3.72 4.48 

100-5-1a 274814 291420 292360 294114 6.04 6.38 7.02 

100-5-1b 213615 220752 221665 222032 3.34 3.77 3.94 

100-5-2a 193671 198223 199021 199371 2.35 2.76 2.94 

100-5-2b 157095 159446 160126 160818 1.50 1.93 2.37 

100-5-3a 200079 206710 207739 208620 3.31 3.83 4.27 

100-5-3b 152411 154741 155241 155751 1.53 1.86 2.19 

100-10-1a 287983 322954 324564 325113 12.14 12.70 12.89 

100-10-1b 231763 271876 272556 273556 17.31 17.60 18.03 

100-10-2a 243590 248806 249920 251140 2.14 2.60 3.10 

100-10-2b 203988 207502 208678 209496 1.72 2.3 2.7 

100-10-3a 250882 262405 263076 263952 4.59 4.86 5.21 

100-10-3b 204317 209540 209915 211100 2.56 2.74 3.32 

200-10-1a 477248 489876 491376 492854 2.65 2.96 3.27 

200-10-1b 378351 385785 386715 388339 1.96 2.21 2.64 

200-10-2a 449571 457168 458831 460678 1.69 2.06 2.47 

200-10-2b 374330 381297 382450 383427 1.86 2.17 2.43 

200-10-3a 469433 480348 481688 483848 2.33 2.61 3.07 

200-10-3b 362817 370746 371636 373266 2.19 2.43 2.88 
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APPENDIX E 

NON-DOMINATED SOLUTIONS OBTAINED BY PARETO BASED MOPSO 

ON DECODING METHOD 1 AND DECODING METHOD 2 FOR MULTI-

OBJECTIVE CLRP 
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APPENDIX F 

NON-DOMINATED SOLUTIONS OBTAINED BY WEIGHTED 

AGGREGATION METHOD ON DECODING METHOD 1 AND DECODING 

METHOD 2 FOR MULTI-OBJECTIVE CLRP 
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APPENDIX G 

NON-DOMINATED SOLUTIONS BETWEEN PARETO BASED MOPSO AND 

WEIGHTED AGGREGATION METHOD ONDECODING METHOD 1 
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APPENDIX H 

NON-DOMINATED SOLUTIONS BETWEEN PARETO BASED MOPSO AND 

WEIGHTED AGGREGATION METHOD ONDECODING METHOD 2 
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APPENDIX I 

ALGORITHMS OF NEIGHBORHOOD SEARCH FOR GLNPSO-ALNS 
 

N1: 0-1 swap  
 

only one customer is removed and inserted at each time    

 

1. routes Ri in the distribution,  Ri, i=1, …, k; 

     q: number of customers would to be selected for insertion among all customers 

 

2. randomly select 1 customer from the whole customers, denoted it as 1
th

, belong to  

    route i, remove it, and update route i, update the corresponding depot 

 

3. make 1
st
 candidate route for 1

th
 by inserting 1

th
into route j

1
(route i ≠ route j

1
)  

      3.1. check 

        a. if route i, j
1
 are in the same depot, go to 3.b 

            otherwise, check: 

             (1) demand ∑ (current depot(j
1
)  + 1

th
) < depot(j

1
).capacity, go to 3.1.b. 

             (2) otherwise, go to 4. 

         b. check the total demand assigned to route j
1
 

             (1) if demand ∑ ( current route j
1
+ 1

th
) < V.capacity, go to 3.2. 

             (2) otherwise, go to 4. 

      3.2. make the candidate route by inserting 1
th

 into route j
1
 with the smallest  

             additional cost 

      3.3. calculate the distance difference ∆d1-1 of (route i + route j
1
) under two different  

             conditions 

             construct set1: {∆d1-1} 

 

4. repeat 3., make 2
nd

 candidate route for 1
th

 by inserting 1
th

into route j
2
 (route i ≠ route  

     j
2
, route j

2
≠ route j

1
) 

    Update Set1: {∆d1-1, ∆d1-2} 

  . . . 

    Make the (k-1)
th

 candidate route for 1
th

 by inserted 1
th

 into routes j
(k-1)

 (route i ≠ route  

     j
(k-1)

, route j
(k-1)

≠ route j
1
, … ,route j

(k-2)
) 

    Update Set1: {∆d1-1, ∆d1-2, …, ∆d1-(k-1)} 

 

5. totally (k-1)candidate routes are constructed, compare the distance difference in set1,  

    select minimum one 

     ∆d1 = Min(∆d1-1, ∆d1-2, …,∆d1-(k-1))       

 

6. based on ∆d1, 1
th

 is determined to be inserted into that position of that route j with the  

    smallest ∆d, update route j and the corresponding depot 

 

7. repeat 2, random select 1 customer among all customers, denoted as 2
th

, update route  

    i and the corresponding depot, and proceed with 3.~6. 

    ∆d2 = Min(∆d2-1, ∆d2-2, …,∆d2-(k-1)), fix 2
th

 customer into the position of that route j,    

   update route j and the corresponding depot 

  . . .  

   repeat 2., random select 1 customer among all customers, denoted as q
th

, update  

   route i 
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   and the corresponding depot, and proceed with 3.~6. 

   ∆dq = Min(∆dq-1, ∆dq-2, …,∆dq-(k-1)), fix q
th

 customer into the position of that route j,  

   and update route j and the corresponding depot 

 

8. finally, the new distribution is set up, calculate the final total route distance d' 

    8.1. if d' - d < 0, keep new distribution, and calculate the total cost f(x’) 

    8.2. if d' - d ≥ 0, keep original distribution f(x) 
 
 

 

N2: 1-1 exchange 

 

a pair of customers exchange each other at each time 

 

1. routes Ri in the distribution,  Ri, i=1, …, k; 

    q-q customers(2q) would to be selected for insertion among all customers, and 1-1 

    exchange for each time 

 

2. select customers 

    2.1. randomly select 1 customer from the whole customers, denoted as 1-1
th

, and it  

           belong to route i 

    2.2. randomly select 1 customer from the whole customers, denoted as 1-2
th

, and it  

            belong to route j 

    2.3. check 

           If 1-1
th

 and 1-2
th

 belong to the same route, go back to 2.2. 

           If not, go to 3.  

 

3. make 2 candidate routes by exchange 1-1
th

and 1-2
th

 each other  

    3.1. check 

        a. if route i, j are in the same depot, go to 3.b 

            Otherwise, check: 

              (1) demand ∑ (original assigned to depot(i) + 1-2
th

 -1-1
th

) < 

                    depot(i).capacity, go to 3.b. 

                    Otherwise go back to 2.1. 

              (2) demand ∑ (original assigned to depot(j) + 1-1
th

 -1-2
th

 ) < 

                    depot(j).capacity, go to 3.b. 

                    Otherwise go back to 2.2. 

         b. check the total demand assigned to route i, j 

              (1) if demand ∑ ( original assigned to route i + 1-2
th

 - 1-1
th

) < V.capacity,  

                    go to 3.2. 

                   Otherwise go back to 2.1. 

              (2) if demand ∑ ( original assigned to route j + 1-1
th

 - 1-2
th

) < V.capacity,  

                    go to3.2. 

                   Otherwise go back to 2.2. 

     3.2. insert 1-1
th

 in to route j and 1-2
th

 into route i with the smallest additional cost 

            update rout i and j, and the corresponding depots 

 

4. repeat 2., random select 2-1
th

 and 2-2
th

  among all customers, and proceed from 2.3.,  

    update route i, j, and depot i, j 

   . . . 

    till finish q-1
th

 and q-2
th

 customer exchange, update route i, j, and depot i, j 
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5. finally, the new distribution is set up, calculate the final total route distance d' 

    5.1. if d' - d < 0, keep new distribution, and calculate the total cost f(x’) 

    5.2. if d' - d ≥ 0, keep original distribution f(x) 
 
 

 

N3: q option simultaneously 

 

q customers among all customers are removed and inserted     

 

1. routes Ri in the distribution,  Ri, i=1, …, k; 

    q customers would to be selected for removal among all customers at the same time,  

    and inserted one by one. 

 

2. randomly select q customer from the whole customers and removed them 

    denote i
th

, belong to route i
th

, Construct a set: {(1
th

, route 1
th

), … ,(i
th

, route i
th

), … , 

    ( q
th

, route q
th

)} 

 

3. update route and depot  

    3.1 update route i
th

, cancel i
th

, i∈ 1, 2, … , q 

    3.2 update the corresponding depot, cancel i
th

, calculate the total demand 

 

4. for 1
th

, make 1
st
 candidate route by inserting 1

th
 into route j

1
 (route 1

th
 ≠ route j

1
)  

    4.1. check 

        a. if route 1
th

, j
1
 are in the same depot, go to 4.1.b 

            otherwise, check: 

               (1) demand ∑ (current depot(j
1
)  + 1

th
) < depot(j

1
).capacity, go to 4.1.b. 

               (2) otherwise, go to 5. 

         b. check the total demand assigned to route j
1
 

               (1) if demand ∑ ( current route j
1
+ 1

th
) < V.capacity, go to 4.2. 

               (2) otherwise, go to 5. 

     4.2. make candidate route by insert 1
th

  into route j
1
 with the smallest additional  

            cost 

     4.3. calculate the distance difference ∆d1-1 of (route 1
th

 + route j
1
) under different  

            conditions construct set1: {∆d1-1} 

 

5. make 2
nd

 candidate route by inserting 1
th

into route j
2
 (1

th
 ≠ j

2
, j

2
≠ j

1
), go back to 4.1 

     Update Set1:  {∆d1-1, ∆d1-2} 

. . . 

     make the (k-1)
th

 candidate route for 1
th

 by inserted 1
th

into routes j
(k-1)

 (route 1
th

≠  

     route j
(k-1)

, route j
(k-1)

≠ route j
1
, … ,route j

(k-2)
) 

     Update Set1: {∆d1-1, ∆d1-2, …, ∆d1-(k-1)} 

 

6. totally (k-1)candidate routes are constructed, compare the distance difference in set1,     

    select minimum one 

     ∆d1 = Min(∆d1-1, ∆d1-2, …,∆d1-(k-1))      

 

7. based on ∆d1, 1
th

 is determined to be inserted into that position of that route j with the  

    smallest ∆d, and update route j and the corresponding depot 
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8. for 2
th

, repeat 4.~7., ∆d2 = Min(∆d2-1, ∆d2-2, … ,∆d2-(k-1)), fix 2
th

 customer into the  

    position of that route j, and update route j and the corresponding depot 

. . .  

    for q
th

, repeat 4.~7.,  ∆dq = Min(∆dq-1, ∆dq-2, …,∆dq-(k-1)), fix q
th

 customer into the  

    position of that route j, and update route j and the corresponding depot 

 

9. finally, the new distribution is set up, calculate the final total route distance d' 

    9.1. if d' - d < 0, keep new distribution, and calculate the total cost f(x’) 

    9.2. if d' - d ≥ 0, keep original distribution f(x) 

 

 


