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Abstract— We introduce the generalized covering salesman 

problem in which given a set of vertices including the depot, 

facility and customer vertices, the goal is to construct a minimum 

length cycle over a subset of facilities while covering a given 

number of customers. Essentially, a customer is covered when it 

is located within a pre-specified distance of a visited facility on 

the tour. The proposed problem has potential applications in 

humanitarian relief transportation and telecommunication 

networks. We propose a mathematical model and a variable 

neighborhood search for solving the problem. Computational 

tests on a set of randomly generated instances indicate the 

effectiveness of the proposed algorithm. 
 

Keywords— Traveling salesman problem; Covering salesman 

problem; Humanitarian relief transportation; Variable neighbor- 

hood search 

I.  INTRODUCTION  

The traveling salesman problem (TSP) is one of the most 

studied problems in the field of combinatorial optimization. 

Given a graph ),( ENG , the TSP is to find a minimum 

length Hamiltonian cycle of the vertices in N in which each 

vertex has to be visited exactly once [1]. 

The quota traveling salesman problem (QTSP) is a 

generalization of the TSP in which the salesman has to visit a 

given quota of vertices while minimizing the total travel cost 

[2], [3]. In this problem, each vertex has a pre-determined 

amount of prize that could be collected by the salesperson by 

being visited on the tour. The k-TSP is a special case of the 

QTSP in which each vertex has one unit of prize and the goal 

is to visit k vertices, in order to collect k units of prize [4], [5]. 

Introduced by Balas in 1989 [6], in the prize collecting 

traveling salesman problem (PCTSP) it is given a set of 

vertices in which each vertex has a pre-determined amount of 

prize. The goal of the PCTSP is to collect a certain amount of 

prize, while minimizing the routing and penalty costs. 

Essentially, the routing cost is the total distance travelled by 

the salesman and the penalty cost is the cost occurred by not 

visiting a vertex on the tour [6], [7]. 

Many variations of the standard TSP are introduced in the 

literature including the online TSP [8], the TSP with pickup-

and-delivery [9], clustered TSP [10], generalized TSP [11], 

[12], multi-depot multiple TSP [13] and etc. To the complete 

survey on the TSP and its variants, we refer the interested 

readers to the book by Gutin and Punnen [14]. 

There is a vast body of literature dedicated to covering  

problems. The purpose of such problems is to satisfy the 

customers’ demand in two different ways. Essentially, 

different customers’ demand can be provided at the same 

location at which they are located or it can be delivered at a 

destination within a pre-specified distance of the customer 

locations [15]. 

Several variations of the TSP with potential applications in 

route designing of the healthcare teams in developing 

countries [16], and applications from design of the distributed 

networks [17] have been introduced. In these two problems 

and some others which are proposed in the literature, there is 

no need to visit all the customers on the tour structure and the 

objectives can be satisfied by visiting a limited number of 

customers. As an example we can refer to the case of 

emergency management in which it is not possible for the 

medical team to visit all the customers on the tour. In such 

situation, a subset of customers can be visited on the tour and 

the rest of them are covered, i.e. located within a pre-specified 

distance of at least one visited customer. 

The covering salesman problem (CSP) is a generalization 

of the TSP in which we have to satisfy all the customers’ 

demand by visiting or covering them [18]. Essentially, for 

each customer, say i , it is given a covering radius id , within 

that all the located customers will be covered. The goal of the 

CSP is to construct a minimum length tour over a subset of the 

given customers such that each customer, not visited on the 

tour, is within the covering distance of at least one visited 

customer [18]. Many papers have discussed on the application 

of this problem and some of its generalization in the fields of 
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emergency management and disaster planning [19], [20], [21], 

[22]. 

What happens in reality when satisfying a given set of 

customers’ demand, is somehow different from the 

assumptions made in many problems, introduced in the 

literature. As an example, usually the distribution centers 

cannot be constructed at the same location at which the 

customer zones are located. Essentially, there can be a 

situation in which it is not possible for the health care team to 

assess the customer zone by vehicles. So, they need to locate 

the facilities in a location different from the customer zone. 

Moreover, in the QTSP case the customers can travel to a 

facility location to receive their demands. 

Taking into account the above assumptions, in this paper 

we propose a generalization of the TSP with applications in 

humanitarian relief transportation. Suppose we are given a set 

of vertices including a central depot, facility and customer 

vertices. Each customer i  has one unit of demand (prize) that 

will be satisfied when it is located within a certain coverage 

radius of at least one facility j  visited by the tour. Essentially, 

each facility j  has a coverage radius jd  within that all the 

available customers are covered. The goal of the problem is to 

construct a minimum length Hamiltonian cycle over a subset 

of facilities, while collecting the specified amount of prize P . 

The introduced problem is a generalization of the CSP, TSP, 

k-TSP and the QTSP and all applications already introduced 

for these problems could be easily extended to the new 

developed problem. Letting 21P , Fig.1 represents an 

example in which 4 facilities have been visited by the tour and 

21 customer vertices are covered by the visited facilities. 

 

 
Fig. 1.  An illustrative example of the problem. 

 

The paper is organized as follows. Section 2 develops a 

formal description of the problem. The details of the proposed 

solution method are provided in Section 3. Extensive 

computational tests for the studied problem and are reported in 

Section 4, followed by conclusion and future directions given 

in Section 5. 

II. PROBLEM MODELING 

The problem is defined on a directed graph ),( AVG , 

where TWV }0{  contains three sets of vertices 

including the depot, }0{ , the set of customers, W, and the set 

of facilities, T . Moreover, the set of arcs is given by 

}}0{,|),{( TjijiA . To each Aji ),(  is associated a 

travel cost represented by ijt  and each customer i  has a prize, 

ip , that will be covered by the tour when it is located within 

the predefined coverage distance of at least one routed facility. 

We denote by Ti those facilities that are able to cover customer 

i. The goal of the problem is to collect a pre-determined 

amount of prize, P, while minimizing the total traveled length. 

The decision variables to model the problem are defined as 

follows: 
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Finally, for each Ti , iu  is a continuous variable 

representing the tour load before visiting vertex i. Here, we 

represent a node-based formulation for the studied problem. 

This kind of formulation, applies the well known Miller-

Tucker-Zemlin subtour elimination constraints proposed for 

the TSP [23], [24], [25]. 
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The objective function (1) is to minimize the total traveling 

cost. Constraint (2) assures the total collected prize, by the 
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eligible facilities, to be greater than or equal to the pre-

specified value P. For each Wi , constraint (3) assures 

customer i  to be allocated to at most one facility iTj . 

Constraint (4) makes sure that the tour to be started from the 

depot, followed by the in-degree and out-degree constraints 

(for each }0{Ti ) represented by constraints set (5). For 

each customer i  and facility iTj , constraint (6) shows that, 

i  could be allocated to j  only if j  is visited by the tour. 

Constraint set (7) models the sub-tour elimination constraints. 

Finally, constraints (8) to (10) define the model variables. 

 

III. SOLUTION METHOD 

Proposed by Mladenović and Hansen [26], the variable 

neighborhood search (VNS) is a metaheuristic algorithm that 

explicitly applies a strategy based on dynamically changing 

neighborhood structures. A VNS algorithm is developed for 

the introduced problem. The general framework of the VNS 

algorithm for the introduced problem is given in Algorithm 1.  

The algorithm starts to construct an initial solution  

(CurrentSolution) by applying the randomized variation of the 

nearest neighbor algorithm, proposed for the traveling 

salesman problem [27]. Starting from the depot, at each step 

of this procedure the next facility to be visited by the tour is 

randomly selected from those that are among the three nearest 

facilities of the last visited vertex covering at least one unit of 

unsatisfied demand. The algorithm keeps adding the facilities 

to the tour, as long as the total collected prize is less than P. 

Finally, the tour will be terminated by visiting the depot as the 

last vertex of the tour.  

The algorithm improves upon this initial solution by 

applying the 2-Opt and drop-and-add procedures. By applying 

the 2-opt procedure, the goal is to improve the tour length by 

changing the order of the facilities visited by the tour. Within 

the drop-and-add procedure, a facility is extracted from its 

location in the tour. In case of feasibility and improving the 

objective function, the extracted facility will not be reinserted 

in the tour, otherwise, the algorithm searches for the best 

feasible substitution from the N facilities nearest to the 

extracted one with the minimum extra insertion cost. 

Essentially, all sequences consisting of one or two facilities 

are generated and the best feasible substitution leading to an 

improvement in the objective function will be implemented, 

otherwise, in case of having a worse solution, the extracted 

facility is put back into its original place. The improvement of 

the solution continues in a loop until the termination criteria is 

met which is a given number of iterations (ρ) without having 

an improvement in the cost of the best known solution. The 

loop contains a shaking procedure and the local search 

procedures (2-Opt and drop-and-add). If a solution is 

improved by applying the shaking and local search procedures 

it will be accepted as the incumbent solution.  

We also utilize the threshold accepting criterion in 

updating the current solution at the end of each iteration of the 

VNS algorithm. Essentially, a worse solution is accepted as 

the current solution if it is not worse than a given percentage 

(λ) of the cost of the best known solution. At each iteration of 

the VNS algorithm we apply the shaking procedure in order to 

dynamically expand the neighborhood structure. In particular, 

the algorithm generates a solution which is in the 

neighborhood size k of the CurrentSolution, i.e., 

Shaking(CurrentSolution, k). 

 Specifically, Shaking(CurrentSolution, k) is defined as the set 

of solutions that can be obtained from the CurrentSolution by 

calling the addition or removal procedures for k times. The 

details of these procedures are given in the following: 

• Removal procedure: routed facilities on the tour of the 

solution are sorted in a non-increasing order of a score 

which is defined in (11). In this relation 

RemovalCost(i) is the cost saving occurred by 

removing facility i form the solution while 

RemovalCover(i) is the  number of customers that are 

explicitly covered by facility i. 

 

ifacilityroutedeachfor

iremovalCoveRiemovalCostRiRremove )11()1)(()()(

 

Following this step, the first α facilities of the ordered 

set are considered as the candidate list. Finally, a 

facility is selected from the candidate list randomly and 

is removed from the solution. 

• Addition procedure: unrouted facilities are sorted in a 

non-increasing order of their score values which is 

defined in (12). In this relation AdditionCost(i) is the 

cost imposed to the tour length by adding facility i into 

its best position in the tour, i.e. the location with the 

cheapest extra insertion cost. Moreover, 

AdditionCover(i) is the total number of uncovered 

facilities that will be covered by visiting facility i in the 

solution. 

  

CurrentSolution := Initialization( ); 

CurrentSolution := 2-Opt( CurrentSolution ); 

CurrentSolution := drop-and-add ( CurrentSolution ); 

BestSolution := CurrentSolution; 

Iter := 1; 

while ( Iter ≤ ρ ) do 

k = 1; 

while ( k ≤ Ω ) do 

CurrentSolution := Shacking( CurrentSolution, k); 

CurrentSolution := 2-Opt( CurrentSolution ); 

CurrentSolution := drop-and-add( CurrentSolution ); 

if ( Cost( CurrentSolution ) < Cost( BestSolution ) ) 

then 
BestSolution = CurrentSolution; 

k:=1; 

Iter :=1; 

if ( Iter > ρ ) then 

break; 

end 

end 

elseif ( Cost( CurrentSolution ) < (1 + λ ) Cost( 

BestSolution ) ) then 
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Iter := Iter + 1; 

k:=k+1; 

end 

else 

CurrentSolution := BestSolution; 

Iter := Iter + 1; 

k:=k +1; 

if ( Iter > ρ ) then 

break; 

end 

end 

end 

end 
Algorithm 1: The general framework of the VNS algorithm for the 

proposed problem. 

 

ifacilityunroutedeachfor
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Following this step, the first δ facilities yielding the 

maximum score are considered in the candidate list from 

which one facility is selected randomly and added into its best 

position in the current tour. Following this step the obtained 

solution could be infeasible by not covering the pre-specified 

number of customers. As long as the solution is infeasible, an 

unrouted facility which is able to cover at least one uncovered 

customer is selected randomly and added into its best position 

in the tour. 

IV. Computational experiments 

A. Instances 

To test the performance of the developed algorithm a set of 

115 instances are designed, derived from TSP library [28]. 

The generated data ranging in size from 51 to 1000 vertices 

which are divided into small ( 76V ), medium 

( 200100 V ) and large size ( 1000535 V ) instances. 

According to the developed problem characteristics, the set of 

vertices is divided into three groups. The first vertex in each 

datum is considered to be the depot and the rest of the vertices 

are divided into facility and customer vertices. From each 

instance, we have generated three new data in which 30, 40 or 

50 percent of the vertices (V ) are considered to be the facility 

vertices, respectively. Moreover, we assume that each facility 

Tj  to be able to cover its NC nearest customers. In our 

designed instances, NC is a random value taken from 10,1 . 

Finally, from each instances three new data are designed for 

which 50, 75 and 100 percent of the customers have to be 

covered, respectively. Moreover, a set of 27 test instances are 

generated having 100, 150 or 200 vertices. To generate this set 

of test instances, we follow the same rules already explained 

for the original data.  

Table I. Parameters tuning. 

 Parameter  Different tested values  
Best 

value 

 ρ  }2000,1000,500{   1000  

 Ω  }50,40,30{   30  

 α  }9,6,3{   9  

 δ  }15,10,5{   5  

 N  }14,12,10{   14  

 λ  }015.0,01.0,005.0,0{   015.0  

 

B. Implementing and Parameter Tuning 

The metaheuristic algorithm has been implemented in C++ 

and tested on PC with an Intel Core i5 processor running at 

2.27 GHz with 4 GB RAM. A simple test has been conducted 

to reach a good combination of the parameters involved in the 

designed algorithm. For each test instance and each parameter 

combination, 5 independent runs of the algorithm have been 

done and by taking into account the average performance of 

the results, the best combination of the parameters has been 

driven. Table I provides the range of the parameters and the 

best combination used to run the final experiment. 

C. Computational Results 

We have used ILOG Cplex 12.1 [29] to run the 

mathematical model to optimality. Particularly, 3600 seconds 

of CPU time is put on the maximum running time of Cplex 

and the results are reported in Tables II to IV for the small, 

medium and large instances, respectively. 

Table II represents the results obtained by the proposed 

exact and VNS method for the small size instances. In this 

table, the first column gives the name of the instance, while 

the next four columns show the number of vertices (|V|), 

facilities (|T|), customers (|W|) and the minimum amount of 

prize to be collected (|P|), respectively. Columns six and eight, 

represent the results obtained by running the mathematical 

model over each of the instances and the objective function, 

gap from the optimality and running times are provided in the 

columns labeled by “Obj.”, “Gap(%)” and “Time”, 

respectively. Finally, three remaining columns represent the 

results obtained by VNS algorithm. In this table, the column 

represented by “Average Obj.” gives the average objective 

function of the metaheuristic algorithm over five different 

runs, followed by its deviation (“Dev(%)”) from the best 

solution obtained by the exact method. Finally, the column 

labeled by “Time” is the average running time of the 

corresponding VNS algorithm over five different runs. The 

last two rows of the table provide the number of the best 

solutions obtained by each method (No. Best) and their 

average performance over all the available instances 

(Average), respectively. 
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Table II. The results of exact and VNS method on small size instances. 

Data Mathematical formulation VNS 

Name |V | |T | |W | P Obj. GAP(%) Time 
Average 

Obj. 

Dev 

(%) 
time 

S1 51 15 35 17 71.33 0 0.75 71.33 0 0.05 

S2 51 15 35 26 105.98 0 1.08 105.98 0 0.06 

S3 51 15 35 35 172.36 0 0.08 172.36 0 0.07 

S4 51 20 30 15 75.29 0 3.55 75.29 0 0.06 

S5 51 20 30 22 102.59 0 9.47 102.59 0 0.07 

S6 51 25 25 12 38.49 0 0.24 38.49 0 0.05 

S7 51 25 25 18 82.38 0 25.28 82.38 0 0.07 

S8 51 25 25 25 140.62 0 4.05 140.62 0 0.1 

S9 52 16 35 17 1378.45 0 0.67 1378.45 0 0.05 

S10 52 16 35 26 2198.91 0 0.59 2198.91 0 0.05 

S11 52 21 30 15 669.76 0 0.19 669.76 0 0.06 

S12 52 21 30 22 1554.5 0 4.08 1554.5 0 0.06 

S13 52 21 30 30 3910.04 0 13.94 3910.04 0 0.1 

S14 52 26 25 12 572.13 0 0.97 572.13 0 0.06 

S15 52 26 25 18 1240.67 0 53.17 1240.67 0 0.07 

S16 52 26 25 25 2958.78 0 746.22 2958.78 0 0.12 

S17 52 16 35 17 1340.29 0 0.81 1340.29 0 0.06 

S18 52 16 35 26 2291.58 0 2.11 2291.58 0 0.06 

S19 52 21 30 15 878.3 0 0.38 878.3 0 0.05 

S20 52 21 30 22 1521.64 0 6.88 1521.64 0 0.06 

S21 52 21 30 30 3590.08 0 5.17 3590.08 0 0.1 

S22 52 26 25 12 479.76 0 0.81 479.76 0 0.05 

S23 52 26 25 18 1334.81 0 44.74 1334.81 0 0.07 

S24 52 26 25 25 2894.96 0 578.73 2894.96 0 0.09 

S25 76 23 52 26 98.94 0 30.03 98.94 0 0.07 

S26 76 23 52 39 147.89 0 45.19 147.89 0 0.09 

S27 76 30 45 22 86.16 0 50.33 86.16 0 0.08 

S28 76 30 45 33 119.54 0 38.92 119.54 0 0.09 

S29 76 38 37 18 57.79 0 34.25 57.79 0 0.08 

S30 76 38 37 27 106.39 16.07 3600 106.39 0 0.1 

S31 76 38 37 37 173.59 0 1846.03 173.59 0 0.21 

S32 76 38 37 18 21638.57 33.99 3600 20279.16 -6.7 0.09 

No. Best 30 32 

Average 1626.02 1.56 335.9 1583.54 -0.21 0.08 

 

In 30 out of the 32 small size instances, the exact 

formulation is able to reach the optimal solutions and on 

average, the running times is 335.90 seconds. The VNS 

algorithm performs very well on these instances in which all 

the optimal solutions have been obtained. In this table the best 

solutions found by each method is represented in bold. For all 

the available instances, VNS is able to reach the optimal 

solutions in all five different runs. Finally, the average run 

time of the VNS is 0.08 seconds over 32 available instances. 

The results over the medium size instances are reported in 

Table III. According to this table, by running the exact model, 

there are several instances for which the time threshold of 

Cplex has reached without proving the optimality of the best 

found solutions. Totally, there are 69 instances in the medium 

size group where in 14 instances the optimal solutions have 

been achieved by applying the mathematical model. 

Computational results over this class of instances show that 

almost all of the optimal solutions have been obtained by the 

VNS algorithm. Essentially, there are only 3 instances for 

which the VNS algorithm is not able to obtain the best 

solutions achieved by the exact model. There are also 37 

instances for which the VNS strictly outperforms the best 

solutions obtained by the exact model. The average running 

time of the VNS algorithm over all of the instances is 0.42 

seconds while this time is 3488.88 seconds for the exact 

model. The overall average deviation of the best solution 

obtained by the exact model with respect to results by VNS 

algorithm clearly indicates the superiority of the metaheuristic 

method where the overall deviations is -7.06 for the VNS 

algorithm. The results of the VNS algorithm over the 14 large 

size instances in 30, 60 and 90 seconds of running time are 

reported in Table IV. As it can be seen in this table the results 

are improved as we give more time to the algorithm. 
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Table III. The results of exact and VNS method on medium size instances. 

Data Mathematical formulation VNS 

Name |V | |T | |W | P Obj. GAP(%) Time 
Average 

Obj.  

Dev 

(%) 
time 

Ml 100 30 69 34 6061.44 12.34 3600 6043.13 -0.30 0.11 

M2 100 30 69 51 8471.25 0.00 1358.34 8471.25 0.00 0.12 

M3 100 40 59 29 3836.03 0.00 2589.89 3836.03 0.00 0.1 

M4 100 40 59 44 6424.29 30.47 3600 6288.73 -2.16 0.13 

M5 100 40 59 59 8789.24 0.00 1310.11 8789.24 0.00 0.28 

M6 100 50 49 24 3148.77 10.95 3600 3148.77 0.00 0.12 

M7 100 50 49 36 6056.26 46.18 3600 5777.62 -4.82 0.16 

M8 100 50 49 49 9094.2 26.2 3600 9094.2 0.00 0.43 

M9 100 30 69 34 4362.92 0.00 251.84 4362.92 0.00 0.1 

M10 100 30 69 51 8105.04 14.85 3600 8105.04 0.00 0.14 

M11 100 40 59 29 3592.77 0.00 736.28 3592.77 0.00 0.11 

M12 100 40 59 44 7326.59 33.7 3600 6948.96 -5.43 0.15 

M13 100 50 49 24 2929.98 0.00 2554.08 2929.98 0.00 0.1 

M14 100 50 49 36 5446.84 33.41 3600 5446.84 0.00 0.14 

M15 100 30 69 34 5164.91 0.00 1298.5 5164.91 0.00 0.11 

M16 100 30 69 51 7298.66 3.59 3600 7298.66 0.00 0.14 

M17 100 40 59 29 4580.82 19.13 3600 4580.82 0.00 0.13 

M18 100 40 59 44 6917.87 34.47 3600 6880.86 -0.54 0.15 

M19 100 50 49 24 3753.16 21.93 3600 3749.47 -0.10 0.11 

M20 100 50 49 36 6170.11 43.45 3600 5936.53 -3.93 0.17 

M21 100 50 49 49 8643.74 16.03 3600 8506.35 -1.62 0.44 

M22 100 30 69 34 5842.87 21.07 3600 5704.71 -2.42 0.1 

M23 100 30 69 51 7513.86 0.00 53.09 7513.86 0.00 0.13 

M24 100 40 59 29 5029.98 36.85 3600 5029.98 0.00 0.11 

M25 100 40 59 44 6456.74 4.61 3600 6456.74 0.00 0.13 

M26 100 50 49 24 4490.01 56.73 3600 4280.76 -4.89 0.11 

M27 100 50 49 36 5976.48 42.91 3600 5833.35 -2.45 0.14 

M28 100 50 49 49 8143.74 13.07 3600 8143.74 0.00 0.42 

M29 100 30 69 34 4750.53 0.00 82.46 4750.53 0.00 0.09 

M30 100 30 69 51 7784.01 0.00 835.74 7784.01 0.00 0.12 

M31 100 40 59 29 3396.99 0.00 171.93 3396.99 0.00 0.12 

M32 100 40 59 44 6584.91 24.36 3600 6584.91 0.00 0.17 

M33 100 40 59 59 9949.88 0.00 899.3 9949.88 0.00 0.34 

M34 100 50 49 24 3066.63 14.26 3600 3066.63 0.00 0.1 

M35 100 50 49 36 5750.13 46.67 3600 5657.02 -1.65 0.13 

M36 100 50 49 49 8009.42 11.73 3600 8009.42 0.00 0.51 

M37 100 30 69 34 1726.09 0.00 493.8 1726.09 0.00 0.09 

M38 100 30 69 51 2501.29 0.00 44 2501.29 0.00 0.13 

M39 100 40 59 29 1540.25 35.57 3600 1518.85 -1.41 0.11 

M40 100 40 59 44 2107.69 26.42 3600 2107.69 0.00 0.15 

M41 100 50 49 24 1632.52 54.75 3600 1499.04 -8.90 0.11 

M42 100 50 49 36 2558.96 50.54 3600 2208.52 -15.87 0.16 

M43 100 50 49 49 3228.85 3.61 3600 3228.85 0.00 0.61 

M44 150 45 104 52 6611.13 30.72 3600 6557.02 -0.83 0.15 

M45 150 45 104 78 9494.9 23.62 3600 9503.1 0.09 0.24 

M46 150 60 89 44 5983.58 55.35 3600 5393.39 -10.94 0.17 

M47 150 60 89 66 8171.5 48.29 3600 8149.13 -0.27 0.26 

M48 150 75 74 37 4583.03 56.53 3600 4583.03 0.00 0.19 

M49 150 75 74 55 8329.72 66.61 3600 6841.86 -21.75 0.23 

M50 150 75 74 74 10067.26 35.43 3600 10170.6 1.02 1.41 

M51 150 45 104 52 6377.95 30.71 3600 6133.27 -3.99 0.19 

M52 150 45 104 78 8730.54 16.41 3600 8629.85 -1.17 0.22 

M53 150 60 89 44 5305.46 58.71 3600 5199.33 -2.04 0.16 

M54 150 60 89 66 7624.55 48.94 3600 7471.14 -2.05 0.24 

M55 150 75 74 37 7246.78 83.33 3600 4898.98 -47.92 0.18 

M56 150 75 74 55 7959.61 73.71 3600 7169.79 -11.02 0.27 

M57 200 60 139 69 6356.29 44.03 3600 6281.11 -1.20 0.27 

M58 200 60 139 104 9476.31 20.52 3600 9499.65 0.25 0.37 
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TABLE III. The results of exact and VNS method on medium size instances (continued). 
Data Mathematical formulation VNS 

Name |V | |T | |W | P Obj. GAP(%) Time 
Average 

Obj. 

Dev 

(%) 
Time 

M59 200 80 119 59 6199.21 71.84 3600 5620.09 -10.30 0.26 

M60 200 80 119 89 8827.56 57.22 3600 8464.17 -4.29 0.41 

M61 200 100 99 49 5549.83 73.9 3600 4895.78 -13.36 0.28 

M62 200 100 99 74 8346.32 71.59 3600 7383.64 -13.04 0.44 

M63 200 60 139 69 6814.37 36.87 3600 6471.74 -5.29 0.25 

M64 200 60 139 104 9642.84 19.73 3600 9579.08 -0.67 0.39 

M65 200 80 119 59 6005.98 56.01 3600 5442.88 -10.35 0.24 

M66 200 80 119 89 9175.32 51.43 3600 8359.44 -9.76 0.4 

M67 200 100 99 49 5342.4 67.1 3600 4872.5 -9.64 0.23 

M68 200 100 99 74 8593.37 63.76 3600 7217 -19.07 0.35 

M69 200 100 99 99 11088.01 38.97 3600 10841.55 -2.27 4.32 

No. Best 32 66 

Average 6262.20 46.01 3390.05 6051.23 -3.71 0.28 

 
Table IV. The results of the VNS algorithm on large size instances 

Data 30 s 60 s 120 s 

Name |V | |T | |W | P Best Obj. 
Average 

Obj. 
Best Obj. Average Obj. Best Obj. 

Average 

Obj. 

L1 535 161 373 187 261.32 262.58 261.32 262.58 261.32 262.58 

L2 535 161 373 280 569.46 592.01 569.32 591.25 569.32 585.43 

L3 535 214 320 160 219.01 222.36 219.01 221.86 219.01 221.86 

L4 535 214 320 240 521.77 534.94 521.62 534.36 521.62 531.29 

L5 535 268 86 43 175.90 178.07 175.90 178.07 175.90 178.07 

L6 535 268 86 65 421.19 432.73 416.06 426.54 416.06 425.91 

L7 724 290 433 217 9860.09 10262.22 9860.09 10236.86 9860.09 10222.04 

L8 724 362 361 181 7428.56 7444.14 7428.56 7434.01 7410.18 7430.33 

L9 1000 300 699 350 3466420.10 3690228.26 3462163.00 3688099.40 3420977.40 3669406.30 

L10 1000 300 699 524 5956696.10 6204090.53 5944205.40 6195724.00 5940558.70 6169100.50 

L11 1000 400 599 300 2698974.30 2830881.13 2698974.30 2825326.90 2698974.30 2776202.50 

L12 1000 400 599 449 4969874.10 5354164.37 4954127.80 5348881.60 4954127.80 5330731.20 

L13 1000 500 499 250 2402721.80 2623601.18 2402721.80 2592871.00 2399977.70 2592322.20 

L14 1000 500 499 374 4485000.60 4729981.71 4481123.70 4652509.00 4479302.30 4643592.40 

Average 1714224.59 1818062.59 1711626.28 1808806.96 1708096.55 1800086.62 

 

V. Conclusion and future directions  

We proposed a variation of the traveling salesman 

problem with potential applications in humanitarian relief 

transportation problem. Given a set of vertices including the 

depot, facility and customer vertices, the goal of the 

introduced problem is to construct a minimum length cycle 

over a subset of facilities while covering a given number of 

customers. A mathematical model and a variable 

neighborhood search metaheuristic were proposed for the 

problem. Comparing the results obtained by the proposed  

metahuristic algorithm with those obtained by the exact 

model, clearly indicates the effectiveness of the developed 

VNS algorithm. The proposed algorithm could obtain all 

optimal solutions in small size instances. In the medium size 

data, there are 37 instances for which the VNS strictly 

outperforms the best solutions obtained by the exact model. 

The average running time of the VNS algorithm over all of 

the instances is 0.28 seconds while this time is 3390.05 

seconds for the exact model, respectively. 
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