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Abstract The location routing problem (LRP) is a relatively new research direction within 
location analysis that takes into account vehicle routing aspect. The goal of LRP is to solve a 
facility location problem and a vehicle routing problem simultaneously. We propose a 
simulated annealing (SA) based heuristic for solving the LRP. The proposed heuristic is 
tested on some well-known benchmark instances and the results are compared with other 
heuristics in the literature. The computational study indicates that the proposed heuristic is 
competitive with other well-known algorithms. 
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1. Introduction 

The location routing problem (LRP) takes into account two key components of a logistics 
system: the facility location and vehicle routing. These components are interdependent in 
various settings. Thus, it may be beneficial to simultaneously consider the two components. 
The LRP have a wide variety of applications such as waste collection (Kulcar, 1996), bill 
delivery (Lin et al., 2002), military application (Murty & Djang, 1999), parcel delivery 
(Bruns et al., 2000; Wasner & Zäpfel, 2004), and various consumer goods distribution (Aksen 
& Altinkemer, 2008). However, since it belongs to the class of NP-hard problems, as the 
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problem size grows larger, heuristic approaches become the only feasible alternative. In this 
study, we propose a simulated annealing based heuristic that features a special solution 
representation scheme for the LRP. The computational results suggest that the proposed 
approach is competes well against existing approaches for the LRP. 

The remainder of this paper is organized as follows. In Section 2, we define the LRP and 
summarize the related literature. Section 3 describes the proposed heuristic for the LRP. In 
Section 4, we present the computational study. Finally, Section 5 concludes the paper. 

2. Problem definition and literature review 

The location routing problem (LRP) can be stated as follows: Given a set of customers 
with known demand and a set of potential depot sites, determine the location of the depots 
and the vehicle routes from the depots to the customers to minimize the sum of the costs 
associated with locating depots and distribution to the customers. There is a fixed cost 
associated with opening a depot at each potential site, and a distribution cost associated with 
the routing of vehicles which includes the route setup cost and the transportation cost which 
is linear in the total distance traveled by the vehicles. Each customer is assigned to a depot 
which will dispatch a vehicle to fulfill its demand. A vehicle route must start from and end at 
the same depot. 

There may be other practical constraints, such as limitations on the total travel time of a 
route, the total distance traveled by a vehicle, the capacity a vehicle, or the capacity of a 
depot. Most early work on LRP considers either capacitated routes or capacitated depots, but 
not both (Chien, 1993; Laporte et al., 1988; Srivastava, 1993). Recently, a number of studies 
are devoted to the case with capacitated depots and routes (Prins et al., 2007; Prins et al., 
2006b; Wu et al., 2002).  

The LRP belongs to the class of NP-hard problems since it combines two difficult 
sub-problems: the facility location problem (FLP) and the vehicle routing problem (VRP), 
both of them are shown to be NP-hard (Cornuéjols et al., 1977; Karp, 1972; Lenstra & 
Rinnooy Kan, 1981). Due to its complexity, only limited exact methods that were usually 
based on a mathematical programming formulation were proposed in early studies 
(Bookbinder & Reece, 1988; Laporte & Nobert, 1981; Laporte et al., 1986; Laporte et al., 
1983). Due to the exponential growth in the problem size, exact approaches for the LRP have 
been limited to small and medium size instances with 20–50 customers. For this reason, 
meta-heuristics are often used to solve realistic sized LRP instances in more recent studies, 
such as tabu search (TS) (Albareda-Sambola et al., 2005; Prins et al., 2007; Tuzun & Burke, 
1999), genetic algorithm (GA) (Su, 1999), simulated annealing (SA) (2002), randomized 
adaptive search procedure (GRASP) (Prins et al., 2006b), particle swarm optimization (PSO) 
(Marinakis & Marinaki, 2008), and ant colony optimization (Ting & Chen, 2008).  
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3. Simulated annealing heuristic for the LRP 

 We propose an SALRP heuristic for the LRP based on the simulated annealing heuristic 
introduced by Metropolis et al. (1953). SA is a local search-based heuristic that is capable of 
escaping from being trapped into a local optimum by accepting, in small probability, worse 
solutions during its iterations. It has been applied successfully to a wide variety of highly 
complicated combinatorial optimization problems as well as various real-world problems. In 
the following subsections, we discuss key components of the proposed heuristic. 

3.1 Solution representation 

Although the proposed SALRP heuristic is fairly standard, it features a specially designed 
solution representation scheme for the LRP. Using this scheme, the routes may be randomly 
terminated by the dummy zeros, or by the route capacity constraints. The latter condition is 
used in many heuristic approaches for VRP related problems. By allowing a route to be 
terminated randomly, the solution space may be enlarged, and a better solution may be found, 
at the expense of computational time. Thus a random neighborhood structure may be 
necessary to speed up the algorithm (see Section 3.4).  

A solution is encoded by a string of numbers consisting of a permutation of n customers 
denoted by the set {1,2, , }n… , m potential depots denoted by the set {n+1, n+2, …, n+m}, 
and Ndummy zeros which are used to separate routes, in addition to the vehicle capacity 
constraints. The ith number in {1,2, , }n…  denotes the ith customer to be serviced. The first 
number in a solution is always in {n+1, n+2, …, n+m} indicating the first depot under 

consideration. The parameter Ndummy is calculated as i

i

d
Q

⎡ ⎤
⎢ ⎥
⎢ ⎥
∑ , where di is the demand of 

customer i, Q is the capacity of vehicle, and •⎡ ⎤⎢ ⎥  denotes the smallest integer which is larger 

than or equal to the enclosed number.  
The numbers follows a depot denotes the customers to be served by the depot. Thus, 

routes for this depot can be constructed by adding these customers one by one, from left to 
right, to represent the sequence in which they are served, provided that the capacity of the 
vehicle in use is not violated. If adding a customer will violate the capacity constraint of the 
vehicle, the current vehicle will return to the depot from which the vehicle is dispatched, and 
another route is started by servicing this customer and then servicing other remaining 
customers of this depot.  

If the next number in the solution representation is zero, the vehicle currently in use will 
return to the depot and a new route is generated when necessary. If the next number in the 
solution is a depot, the vehicle will also return to the depot where the route starts, and the new 
depot will be under consideration for construing new routes. Sometimes, two or more 
consecutive depots are present in a solution. In this case, we only need to consider the last 
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depot; other depots will be closed. 
Whenever a route is terminated and there are customers that have not been serviced, a 

new route will be generated starting with the next customer in the solution representation. It 
can be verified that this solution representation always gives a LRP solution without violating 
the capacity constraint of vehicles. However, the capacity constraint of depot may be violated, 
with a penalty. 

3.2 Initial Solution 

The initial solution is constructed by the following greedy method. 
Step 1. Choose the unused depot with the most unassigned customers closest to it. If 

there is a tie, select the depot with the highest capacity. 
Step 2. For all unassigned customers, assigned them to the chosen depot one by one in 

the increasing order of the distance between the customer and the chosen depot. 
Stop when the capacity of the depot is violated.  

Step 3. Construct a TSP route which starts from and ends at the depot using the Lin 
and Kernighan’s heuristic (1973), which is a fast and effective heuristic for TSP 
problems. 

Step 4. Split the TSP route constructed by the Lin and Kernighan’s heuristic into 
several routes so that the route capacity constraint mentioned in Section 3.2 is not 
violated. 

Step 5. If there are still unassigned customers, go to Step 1; otherwise, terminate the 
procedure. Encode the solution using the solution representation described in 
Section 3.1 and 3.2. Closed depots and dummy zeros are included at the end of the 
solution representation. 

3.3 Neighborhood 

We adopt a random neighborhood structure that features various types of moves, 
including insertion move, swap move, and 2-opt move, to solve the LRP. The insertion move 
is carried out by randomly selecting the ith number of X and inserting it into the position 
immediately before another randomly selected jth number of X. The move has several 
different effects depending on the entity represented by the selected numbers. The swap move 
is performed by randomly selecting the ith and the jth numbers of X, and then exchanging the 
positions of these two numbers.  

Considering that in LRP, the depot choices and assignments of customers to depots in 
LRP may have greater impact on the solution quality, treating depots and customers as just 
equally important numbers may not be good. Thus, the probability of changing the position of 
depot is increased. This is done by increasing the probability of choosing a depot to 20% in 
the insertion move and the swap move.  

The 2-opt move is introduced to improve existing routes which is commonly used in 
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solving VRP related problems. This is done by randomly selecting two customers of X that 
are assigned to the same depot, and then reverse the substring in the solution representation 
between them. Note that because of the special structure of solution representation adopted in 
the algorithm, the result of such implementation differs from that of traditional 2-opt move 
slightly.  

The probabilities of choosing the swap move, insertion move, and 2-opt move are set to 
be 1/3, 1/3 and 1/3, respectively. Note that the insertion move and the swap move may result 
in infeasible solutions, with respect to the vehicle capacity constraints and the depot capacity 
constraints. In addition, the condition that the first entry in a solution representation must be a 
depot, i.e., in {n+1, n+2, …, n+m}, may also be violated. The violation of vehicle capacity 
constraints can be repaired by dispatching additional vehicle and rearranging routes for 
subsequent customers. Moves that violate the depot capacity constraints are accepted with a 
penalty. However, a move that result in a new solution that does not start with a depot will be 
discarded, and a new move will be generated until a new feasible solution is attained. 

3.4 Parameter settings 

The SALRP uses seven parameters Iiter, T0, TF, K, P, Nnon-improving and α. Iiter denotes the 
number of iterations the search proceeds at a particular temperature. T0 represents the initial 
temperature, while TF is the final temperature below which the SALRP procedure is 
terminated. K is the Boltzmann constant used in the probability function to determine whether 
to accept a worse solution or not. P is the unit penalty cost associated with the violation of 
depot capacity. This penalty term is set to be 0 in cases with uncapacitated depots. 
Nnon-improving is the maximum allowable number of consecutive temperature reductions during 
which the best objective function value is not improved. Finally, α is the coefficient 
controlling the cooling schedule. 

3.5 The SALRP Procedure 

In the beginning, the current temperature T is set to be the same as T0. Then an initial 
solution X is randomly generated which is obtained using the greedy procedure described in 
Section 3.3, in which the first number in the solution representation must be a depot. The 
current best solution Xbest and the best objective function value obtained so far are set to be X 
and obj(X, P), respectively. 

In each iteration, the next solution Y is generated between from ( )XN  and its objective 
function value is evaluated. Let Δ  denote the difference between obj(X, P) and obj(Y, P), 
that is Δ=obj(Y, P)-obj(X, P). The probability of replacing X with Y, given that Δ>0, 
is exp( / ).KT−Δ  This is accomplished by generating a random number ]1 ,0[∈r and replacing 
the solution X with Y if exp( / ).r KT< −Δ  Meanwhile, if 0,Δ ≤  the probability of replacing 
X with Y is 1. Xbest records the best solution found so far as the algorithm progresses. 

The current temperature T is decreased after running Iiter iterations since the previous 
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decrease, according to the formula ,T Tα←  where 0 1.α< <  After each temperature 
reduction, a local search procedure which sequentially performs swap and insertion is used to 
improve the current best solution.  

The algorithm is terminated when the current temperature T is lower than TF or the 
current best solution Xbest is not improved in Nnon-improving consecutive temperature reductions. 
Following the termination of the SALRP procedure, the facility locations and vehicle routes 
can be derived from Xbest. The proposed SALRP approach is summarized in Figure 1. 

 

 
Figure 1. Pseudo-code of the proposed SALRP heuristic. 

 

4. Computational Study 

The proposed SA based meta-heuristic was implemented in C language and run on a PC 
with an Intel Core 2 Quad CPU (2.6 GHz) CPU and 2GB memory. In order to verify the 
proposed approach, Barreto’s (2004) LRP instances are selected as test problems. For each 

SALRP(T0, TF, α, K, P, Nnon-improving, Iiter) 

Step 1: Let Ndummy = i

i k

d
Q

⎡ ⎤
⎢ ⎥
⎢ ⎥
∑ . Generate the initial solution X by the greedy heuristic. 

Step 2: Let T=T0; I=0; N=0; Fbest=obj(X, P); Xbest=X; 
Step 3: I=I+1; 
Step 4: (Generate a solution Y based on X)  
      Step 4.1: Generate r = random (0, 1); 
      Step 4.2: Case r≤1/3: Generate a new solution Y from X by random swap operation; 
             Case 1/3<r≤2/3: Generate a new solution Y from X by random insertion operation; 
             Case 2/3<r≤1: Generate a new solution Y from X by random 2-opt operation; 
Step 5: If Δ=obj(Y, P) - obj(X, P) ≤0 {Let X=Y;} 
      Else { 

Generate r = random (0,1); 
          If r<exp(-Δ/KT) {Let X=Y;} 
      } 
Step 6: If (obj(X, P)<Fbest and X is feasible){Xbest=X; Fbest=obj(X, P);N=0;} 
Step 7: If I=Iiter { 

T=αT; I=0;N=N+1; 
Perform Local search based on swap operation on Xbest; 
Perform Local search based on insertion operation on Xbest; 

} 
      Else {Go to Step 3;} 
Step 8: If T<TF or N=Nnon-improving {Terminate the SA heuristic;} 

      Else {Go to Step 3;} 
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instance, only one run of the proposed approach is executed in order to have a fair 
comparison with other approaches. The 19 problems in the data set are collected either from 
the literature or are obtained by adding depots to existing classical VRP instances. All routes 
in this data set are capacitated, and except for a few instances, the depots are also capacitated. 
There are no variable costs associated with depots and the traveling costs are not rounded. 

Parameter selection may influence the quality of the computational results. In the initial 
experiments, the following combinations of parameters were tested. 

  α = 0.96, 0.97, 0.98, 0.99; 

Iiter = 1000L, 2000L, 3000L, 4000L, 5000L, 6000L, where L denotes the length of 
solution representation; 

  P = 100, 200, …, 2000;   

  K = 1/1, 1/2, …, 1/15. 
Setting α=0.98, Iiter =5000L, P=400, and K=1/9 seemed to give best results. Therefore 

they were used for further computational study. Other parameters used in the final analysis 
are: T0=30, TF=0.1, and Nnon-improving=100.  

Table 1 presents the information of the first problem set and a comparison of the 
solutions obtained by the proposed SALRP heuristic and other algorithms from the literature. 
Columns 2-5 show the number of customers (n), the number of candidate sites (m), vehicle 
capacity (Q), and the best known solutions (BKS) reported in the literature. The solutions 
obtained by the clustering based heuristic (CH) (Barreto et al., 2007), SA-ACS (Bouhafs et 
al., 2006), GRASP (Prins et al., 2006b), MA|PM (Prins et al., 2006a), LRGTS (Prins et al., 
2007), and GAHLS (Duhamel et al., 2008) are shown in columns 6-11. Column 12 shows the 
solutions obtained from the proposed SALRP. The best solutions obtained during the 
parameter analysis phase are included in the last column (SALRP*). Using the parameters in 
the final analysis, the SALRP produces the best solutions to 18 problems out of the 19 
problems in this dataset; 9 of them are new best solutions. During the parameter analysis 
phase, the proposed SALRP yields the best solutions to all 19 problems while 10 of them are 
new best solutions. 

Further comparison of the performance of various algorithms for this dataset is 
presented in Table 2. It can be seen that the proposed algorithm outperforms all other 
algorithms in terms of solution quality. The average gap of the best solution is -0.87% using 
the parameters determined by the parameter analysis; -1.27% for the best solutions obtained 
during the parameter analysis phase. 

As the computational speed, the run time may depend on various factors, such as the 
CPU of the machines, the operation system, the compiler, the computer program, and the 
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Table 1. Computational results for the first problem set. 

Prob. 
ID n m Q BKS CH SA-ACSGRASP MA|PM LRGTS GAHLS SALRP SALRP*

B1 21 5 6000 424.9 435.9 430.4 424.9 424.9 424.9 424.9 424.9 424.9
B2 22 5 4500 585.1 591.5 586.7 585.1 611.8 587.4 585.1 585.1 585.1
B3 29 5 4500 512.1 512.1 512.1 515.1 512.1 512.1 512.1 512.1 512.1
B4 32 5 8000 569.3 571.7 569.3 571.9 571.9 587.4 562.2 562.2 562.2
B5 32 5 11000 504.3 511.4 506.1 504.3 534.7 504.8 504.3 504.3 504.3
B6 36 5 250 460.4 470.7 470.4 460.4 485.4 476.5 460.4 460.4 460.4
B7 50 5 160 565.6 582.7   － 599.1 565.6 586.4 584.8 565.6 565.6
B8 75 10 140 851.8 886.3   － 861.6 866.1 863.5 851.8 848.0 844.4
B9 100 10 200 842.4 889.4   － 861.6 850.1 842.9 842.4 838.3 833.4

B10 12 2 140 204.0 204.0 204.0   －   －   －   － 204.0 204.0
B11 55 15 120 1118.4 1136.2 1118.4   －   －   －   － 1112.8 1112.1
B12 85 7 160 1651.3 1656.9 1651.3   －   －   －   － 1622.5 1622.5
B13 318 4 25000 580680.2 580680.2   －   －   －   －   － 563493.1 557275.2
B14 318 4 8000 747619.0 747619.0   －   －   －   －   － 684163.5 673297.7
B15 27 5 2500 3062.0 3062.0 3062.0 3062.0 3062.0 3065.2 3062.0 3062.0 3062.0
B16 134 8 850 5809.0 6238.0 6208.8 5965.1 5950.1 5809.0   － 5709.0 5709.0
B17 88 8 9000000 355.8 384.9    － 356.9 355.8 368.7 355.9 355.8 355.8
B18 150 10 8000000 44011.7 46642.7   － 44625.2 44011.7 44386.3   － 45109.4 43919.9
B19 117 14 150 12474.2 12474.2   －   －   －   －   － 12434.5 12290.3
BKS: Solution obtained either by the algorithm in their published version or during their parameter analysis phase. 
SALRP*: best solution obtained during the parameter analysis phase of the proposed approach. 
－: the problem is not solved in the corresponding study. 
Bold numbers indicate the best solution values obtained among all approaches included in the comparison. 

 
precision used during the execution of the run. Therefore, it is not an easy task to establish a 
fair comparison of the efficiency of various algorithms. In general, our SALRP heuristic takes 
about 6.8 seconds for small-scaled problem (with 12 customers and 2 possible depots), and 
3352.5 seconds for large-scaled problem (with 318 customers and 4 possible depots), 
respectively, so the computational times seems not a critical issue for the proposed heuristic. 

The comparative results of the performance of our algorithm with other algorithms in the 
literature indicate that the proposed SALRP heuristic is capable of effectively solving LRP 
instances within a reasonable amount of time. Although the required CPU time is longer than 
other approaches, but remains reasonable for such a strategic problem that does not need to 
be solved every day.  

5. Conclusions 

This paper presents an SA based heuristic for the LRP. The algorithm features a special 
solution encoding scheme that integrates location and routing decisions in order to enlarge the 
search space so that better solutions can be found. The proposed SALRP algorithm was tested 
on a well-known benchmark problem set. Computational results are very encouraging: the 
proposed SALRP algorithm not only performs better than the other heuristics on many 
instances, but its computational time requirement is also quite reasonable for realistic size 
problems. 
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Table 2. Further computational results for the first problem set.  

Prob. 
ID 

CH SA-ACS GRASP MA|PM LRGTS GAHLS SALRP SALRP*
 Gap 
 (%) 

 CPU 
 (s) 

 Gap 
 (%) 

CPU 
(s) 

 Gap 
 (%) 

 CPU
(s)

 Gap
(%)

 CPU
(s)

 Gap
(%)

 CPU
(s)

 Gap
(%)

 CPU
(s)

 Gap 
(%) 

 CPU 
 (s) 

  Gap
  (%)

B1 2.59 N/A 1.29 N/A 0.00 0.2 0.00 0.00 0.00 0.2 0.00 0.0 0.00 18.3 0.00 
B2 1.09 N/A 0.27 N/A 0.00 0.2 4.56 4.56 0.39 0.2 0.00 0.0 0.00 16.6 0.00 
B3 0.00 N/A 0.00 N/A 0.59 0.4 0.00 0.00 0.00 0.4 0.00 1.0 0.00 23.9 0.00 
B4 0.42 N/A 0.00 N/A 0.46 0.6 0.46 1.73 3.18 0.6 -1.25 1.0 -1.25 27.0 -1.25 
B5 1.41 N/A 0.36 N/A 0.00 0.5 6.03 6.03 0.10 0.5 0.00 3.0 0.00 25.1 0.00 
B6 2.24 N/A 2.17 N/A 0.00 0.8 5.43 5.43 3.50 0.7 0.00 19.0 0.00 31.7 0.00 
B7 3.02 N/A   －  － 5.92 2.3 0.00 0.00 3.68 2.4 3.39 80.0 0.00 52.8 0.00 
B8 2.87 N/A   － N/A 0.00 9.8 0.52 0.85 0.22 10.1 -1.14 207.0 -1.57 126.8 -2.00 
B9 5.52 N/A   － N/A 2.22 25.5 0.85 1.13 0.00 28.2 -0.06 408.0 -0.55 330.8 -1.13 
B10 0.00 N/A 0.00 N/A   －  －  －  －  － －  －  － 0.00 6.8 0.00 
B11 1.59 N/A 0.00 N/A   －  －  －  －  － －  －  － -0.50 112.4 -0.56 
B12 0.34 N/A 0.00 N/A   －  －  －  －  － －  －  － -1.74 213.1 -1.74 
B13 0.00 N/A   － N/A   －  －  －  －  － －  －  － -2.96 2806.5 -4.03 
B14 0.00 N/A   － N/A   －  －  －  －  － －  －  － -8.49 3352.5 -9.94 
B15 0.00 N/A 0.00 N/A 0.00 0.4 0.00 0.00 0.10 0.3 0.00 10.0 0.00 23.3 0.00 
B16 7.39 N/A 6.88  － 2.69 49.6 2.43 2.58 0.00 48.3  －  － -1.72 522.4 -1.72 
B17 8.18 N/A   －  － 0.31 17.3 0.00 0.00 3.63 17.5 0.03 582.0 0.00 226.9 0.00 
B18 5.98 N/A   －  － 1.39 156.0 0.00 0.00 0.85 119.2  －  － 2.49 577.0 -0.21 
B19 0.00 N/A   －  －  －  －  － －  －  －  －  － -0.32 323.4 -1.47 
Avg. 2.24 － 1.00  － 1.04   － 1.56 － 1.20  － 0.09  － -0.87 464.1 -1.27 

SALRP*: best solution obtained during the parameter analysis phase of the proposed approach 
－: the problem is not solved in the corresponding study. 
N/A: the data is not provided in the corresponding study. 
 

Reference 

Aksen, D. & K. Altinkemer (2008). A location-routing problem for the conversion to the 
"click-and-mortar" retailing: The static case. European Journal of Operational 
Research, 186, 554-575. 

Albareda-Sambola, M., J.A. Díaz & E. Fernández (2005). A compact model and tight bounds 
for a combined location-routing problem. Computers & Operations Research, 32(3), 
407-428. 

Barreto, S.S. (2004). Análise e Modelização de Problemas de localização-distribuição 
[Analysis and Modelling of Location-routing Problems]. Ph.D. Thesis, University of 
Aveiro, Aveiro, Portugal. 

Barreto, S.S., C. Ferreira, J. Paixão & B.S. Santos (2007). Using clustering analysis in 
capacitated location-routing problem. European Journal of Operational Research, 
179(3), 968-977. 

Bookbinder, J.H. & K.E. Reece (1988). Vehicle routing considerations in distribution system 
design. European Journal of Operational Research, 37, 204-213. 

Bouhafs, L., A. Hajjam & A. Koukam (2006). A combination of simulated annealing and ant 
colony system for the capacitated location-routing problem. Lecture Notes in 
Computer Science, 4251, 409-416. 

Bruns, A., A. Klose & P. Stähly (2000). Restructuring of Swiss parcel delivery services. OR 



10 

Spektrum, 22, 285-302. 
Chien, T.W. (1993). Heuristic procedures for practical-sized uncapacitated 

location-capacitated routing problems. Decision Sciences, 24(5), 995-1021. 
Cornuéjols, G., M.L. Fisher & L.A. Wolsey (1977). Location of bank accounts to optimize 

float: an analytic study of exact and approximate algorithms. Management Science, 
23, 789-810. 

Duhamel, C., P. Lacomme, C. Prins & C. Prodhon (2008). A memetic approach for the 
capacitated location routing problem. Proceedings of the EU/MEeting 2008 
Workshop on Metaheuristics for Logistics and Vehicle Routing. University of 
Technology of Troyes, France. 

Karp, R. (1972). Reducibility among combinatorial problems. In: R. Miller & J. Thatcher, 
Complexity of computer computations (pp. 85-104). New York: Plenum Press. 

Kulcar, T. (1996). Optimizing solid waste collection in Brussels. European Journal of 
Operational Research, 90, 26-44. 

Laporte, G. & Y. Nobert (1981). An exact algorithm for minimizing routing and operating 
costs in depot location. European Journal of Operational Research, 6(2), 224-226. 

Laporte, G., Y. Nobert & D. Arpin (1986). An exact algorithm for solving a capacitated 
location-routing problem. Annals of Operations Research, 6(9), 293-310. 

Laporte, G., Y. Nobert & P. Pelletier (1983). Hamiltonian location problems. European 
Journal of Operational Research, 12, 80-87. 

Laporte, G., Y. Nobert & S. Taillefer (1988). Solving a family of multi-depot vehicle routing 
and location-routing problems. Transportation Science, 22(3), 161-172. 

Lenstra, J.K. & A.H.G. Rinnooy Kan (1981). Complexity of vehicle routing and scheduling 
problems. Networks, 11, 221-227. 

Lin, C.K.Y., C.K. Chow & A. Chen (2002). A location-routing-loading problem for bill 
delivery services. Computers & Industrial Engineering, 43(1-2), 5-25. 

Lin, S. & B.W. Kernighan (1973). An effective heuristic algorithm for the traveling salesman 
problem. Operations Research, 21, 498-516. 

Marinakis, Y. & M. Marinaki (2008). A particle swarm optimization algorithm with path 
relinking for the location routing problem. Journal of Mathematical modeling and 
algorithms, 7, 59-78. 

Metropolis, N., A.W. Rosenbluth, M.N. Rosenbluth, A.H. Teller & E. Teller (1953). 
Equations of state calculations by fast computing machines. Journal of Chemical 
Physics, 21, 1087-1092. 

Murty, K.G. & P.A. Djang (1999). The U.S. army national guard's mobile training simulators 
location and routing problem. Operations Research 47, 175-182. 

Prins, C., C. Prodhon, A. Ruiz, P. Soriano & R. Wolfler Calvo (2007). Solving the 
capacitated location-routing problem by a cooperative Lagrangean relaxation-granular 



11 

tabu search heuristic. Transportation Science, 41(4), 470-483. 
Prins, C., C. Prodhon & R. Wolfler Calvo (2006a). A memetic algorithm with population 

management (MA|PM) for the capacitated location-routing problem. Lecture Notes in 
Computer Science, 3906, 183-194. 

Prins, C., C. Prodhon & R. Wolfler Calvo (2006b). Solving the capacitated location-routing 
problem by a GRASP complemented by a learning process and a path relinking. 4OR, 
4(3), 47-64. 

Srivastava, R. (1993). Alternate solution procedures for the locating-routing problem. 
OMEGA, 21(4), 497-506. 

Su, C.T. (1999). Dynamic vehicle control and scheduling of a multi-depot physical 
distribution system. Integrated Manufacturing Systems, 10, 56-65. 

Ting, C.-J. & C.-H. Chen (2008). Solving the capacitated location problems by ant colony 
optimization algorithms. Proceedings of the Second International Conference on 
Operations and Supply Chain Management (pp. 227-234). Taipei, Taiwan. 

Tuzun, D. & L.I. Burke (1999). A two-phase tabu search approach to the location routing 
problem. European Journal of Operational Research, 116(1), 87-99. 

Wasner, M. & G. Zäpfel (2004). An integrated multi-depot hub location vehicle routing 
model for network planning of parcel service. International Journal of Production 
Economics, 90, 403-419. 

Wu, T.H., C. Low & J.W. Bai (2002). Heuristic solutions to multi-depot location-routing 
problems. Computers & Operations Research, 29(10), 1393-1415. 

 


