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Abstract This work deals with the Set Cover with Pairs Problem (SCPP) which is
a generalization of the Set Cover Problem (SCP). In the SCPP the elements have to
be covered by specific pairs of objects, instead of a single object. We propose a new
mathematical formulation using extended variables that is capable of consistently
solve instances with up to 500 elements and 500 objects. We also developed an ILS
heuristic which was capable of finding better solutions for several tested instances in
less computational time.
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1 Introduction
The Set Cover with Pairs Problem (SCPP) was proposed in [11] and it is considered
to be a generalization of the well-known Set Cover Problem (SCP) [16, 18], in which
the elements have to be covered by specific pairs of objects, rather than a single
object.
The SCPP can be formally defined as follows. Let U be a ground set of elements
to be covered and let A be a set of objects, where each object i ∈ A has a non-negative
cost ci . For every pair {i, j} ⊆ A, let C (i, j) be the collection of elements
in U covered
S
by the pair {i, j}. The objective is to find a subset S ⊆ A such that {i, j}⊆S C (i, j) = U
and ∑i∈S ci is minimized.
As presented in [11], considering an instance where U = {e1 , . . . , en } and A =
{A1 , . . . , Am }, such that Al is a subset of U for l = {1, . . . , m}, the SCPP can be interpreted as an SCP instance by letting C (i, j) = Ai ∪ A j for every i 6= j. Therefore, the
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SCPP is a generalization of the SCP. The hardness results regarding the SCP can be
extended to the SCPP which, in turn, is known to be NP-hard [7]. Another problem
that can be considered as an SCPP instance is the k-Cover Problem when k = 2. In
this case, the cover function is written as C (i, j) = Ai ∩ A j for every i 6= j.
Some recent biological problems can also be treated as the SCPP. The Pure Parsimony Haplotyping Problem (PPHP) is a biological problem where the objective is
to determine a set of pairs of haplotypes H such that each genotype of a given set of
genotypes G is resolved by a pair from H. Some exact and heuristic algorithms for
solving this problem were developed in [5].
Another biochemical problem that can be modeled as the SCPP is the Polymerase
Chain Reaction (PCR) Primer Design. PCR requires the presence of two singlestranded DNA sequences called primers, which complement specific parts of either
the forward or reverse strand of the double-stranded DNA and enable duplication of
the region in between. The PCR as well as heuristics and approximation algorithms
for this problem were described in [6] and [10].
Hermelin et al [12] developed approximation algorithms for the Minimum Substring Cover Problem, where the elements to be covered are strings in S and the
elements to cover them are their substrings. If each string can be written as a concatenation of at most l strings in C , C is defined as an l-cover of S. This problem is
closely related to SCPP when l = 2.
The first mathematical formulation used to describe the SCPP was presented in
[9] by means of an example. This formulation was formally described in [4].
Another mathematical formulation for the SCPP was presented in [11]. The same
was employed in [3] to represent the Minimum Monitoring Set Problem. Also, it had
been already used [14] to describe the Haplotyping Inference Problem. Hence, this
formulation is going to be hereafter referred as Lancia formulation [14] .
In this work we present a mathematical formulation for the SCPP, which can
be seen as a special case of the one developed in [2] for the Haplotyping Inference
Parsimony Problem (HIPP). However, due to the NP-hardness of SCPP, the use of
the developed formulation is still restricted to instances with a limited number of
elements and objects. Therefore, we also propose a heuristic algorithm, based on the
Iterated Local Search (ILS) metaheuristic, in order to obtain good quality solutions
in a reasonable computational time.
The remainder of the paper is organized as follows. Section 2 describes the mathematical formulation presented in [14]. Section 3 presents an improved extended
formulation for the SCPP as well as the the results obtained by both formulations.
Section 4 describes the proposed ILS heuristic and a comparison, in terms of solution
quality and computational time, between the formulations and the heuristic approach.
Section 5 presents the concluding remarks of this work.

2 The Lancia Formulation (F1)
Let U be a ground set of elements and A be a set of objects, where each object i ∈ A
has a non-negative cost ci . For an element e ∈ U, define Pe as the set of pairs {i, j} ⊆ A
where C (i, j) ⊃ {e}. Let xi be 1 if i ∈ A is chosen, 0 otherwise. In addition, for each
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pair {i, j} ⊆ A, i < j, let yi j be 1 if i and j are both chosen and 0 otherwise. The
integer programming (IP) formulation F1 presented in [14] is as follows.
minimize

∑ ci xi ,

(1)

i∈A

Subject to:

∑

yi j ≥ 1, e ∈ U

(2)

yi j ≤ xi , ∀{i, j} ⊆ A

(3)

xi ∈ {0, 1}, ∀i ∈ A
yi j ∈ {0, 1}, ∀{i, j} ⊆ A

(4)
(5)

{i, j}∈Pe

The objective function (1) minimizes the sum of the costs of the selected objects.
Constraints (2) state that for each element e ∈ U we select at least one pair of objects
that covers it. Constraints (3) ensure that a pair of objects cannot cover any element
unless i ∈ A and j ∈ A are in the solution set. Constraints (4) and (5) define the domain
of the variables.

3 The Extended Formulation (F2)
In this section, we propose an improved mathematical formulation for the SCPP,
which is based on the one proposed in [9] for the Haplotyping Inference Problem. Let
the extended variables wi je be 1, if the pair {i, j} ∈ Pe is the one chosen to cover e and
0 otherwise. Also, consider Te ⊆ A as the set of objects such that Te = ∪{i, j}∈Pe {i, j}.
The extended IP formulation of [9] can be expressed as follows.
minimize

∑ ci xi

(6)

i∈A

Subject to:

∑

wi je = 1, ∀e ∈ U

(7)

{i, j}∈Pe

wi je ≤ xi , ∀e ∈ U, ∀{i, j} ⊆ Pe

(8)

wi je ≤ x j , ∀e ∈ U, ∀{i, j} ⊆ Pe
xi ∈ {0, 1}, ∀i ∈ A

(9)
(10)

wi je ∈ {0, 1}, ∀e ∈ U, ∀{i, j} ⊆ Pe

(11)

The objective function (6) is the same of F1. Constraints (7) ensure that each
element e ∈ U must be covered by exactly one pair {i, j} ∈ Pe . Constraints (8)-(9)
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state that if wi je is set to one then xi and x j must also be set to one. Constraints (10)
and (11) define the domain of the variables.
The formulation of [9] can be improved by replacing inequalities (8)-(9) with
(12), i.e.:

∑

j∈Te |i< j,{i, j}∈Pe

∑

wi je +

w jie ≤ xi , ∀e ∈ U, ∀i ∈ Te

(12)

j∈Te | j<i, {i, j}∈Pe

It is clear that inequalities (12) dominate (8)-(9). Thus let F2 be the IP formulation
composed by (6)-(7), (10)-(11) and (12).
It should be pointed out that the valid inequalities (13) can be added to both F1
and F2. These inequalities indicate that two objects i ∈ Te must be selected for each
element e ∈ U.

∑ xi ≥ 2

e∈U

(13)

i∈Te

Theorem 1 The value obtained by the LP relaxation of F2 with constraints (13) is
stronger than the one obtained by F1 with (13).
Proof Given the solution (x∗ , w∗ ) with cost z∗F2 obtained by the LP relaxation of F2
(LP-F2), it is possible to build a feasible solution of the LP relaxation of F1 with the
same cost.
The variables xi are common to both formulations and the relationship between
yi j and wi je is defined in the Equation (14).
yi j = maxe∈U {wi je }

(14)

Constraints (2) are satisfied because if ∑{i, j}∈Pe wi je = 1, e ∈ U and, given the
relationship defined in (14), we conclude that ∑{i, j}∈Pe yi j ≥ 1.
Constraints (3) are also satisfied because given (8), which implies in wi je ≤ xi ,
∀e ∈ U and ∀{i, j} ⊂ Pe we obtain that maxe∈U {wi je } ≤ xi and considering (14) one
can verify that yi j ≤ xi (3).
On the other hand, it is not always possible to build a feasible solution for the LP
relaxation of F2 in terms of (x, w) given the solution (x∗ , y∗ ) with cost z∗F1 obtained by
the LP relaxation of F1 (LP-F1). More precisely, zF2 ≥ z∗F1 for any feasible solution
of LP-F2. Let us consider, for example, an instance I, which is composed by a single
element to be covered U = {4} and three possible objects A = {1, 2, 3} with P4 =
{{1, 2}, {1, 3}}, where the costs of the elements in A correspond to c1 = 10, c2 = 4 e
c3 = 1. For this instance, the formulations F1 and F2 can be written as follows.
minimize ZF1 : 10x1 + 4x2 + x3

(15)

Subject to
y12 + y13 ≥ 1
y12 ≤ x1

(16)
(17)

5

y12 ≤ x2

(18)

y13 ≤ x1

(19)

y13 ≤ x3
x1 + x2 + x3 ≥ 2

(20)
(21)

xi ∈ {0, 1}, ∀i ∈ A
yi j ∈ {0, 1}, ∀{i, j} ⊂ A

(22)
(23)

minimize ZF2 : 10x1 + 4x2 + x3

(24)

Subject to
w124 + w134 = 1
w124 + w134 ≤ x1

(25)
(26)

w124 ≤ x2
w134 ≤ x3

(27)
(28)

x1 + x2 + x3 ≥ 2
xi ∈ {0, 1}, ∀i ∈ S

(29)
(30)

wi je ∈ {0, 1}, ∀e ∈ U, ∀{i, j} ⊂ Pe

(31)

The solution obtained using LP-F1 is x∗1 = 0.5, x∗2 = 0.5, x∗3 = 1, y∗1,2 = 0.5 and
∗
= 0.5 with ZLP−F1
= 8. Note that is not possible to build a solution with the
same cost for the LP relaxation of F2 since from (25) and (26), we can verify that
x1 ≥ w124 + w134 = 1, which necessary implies x1 = 1 in F2. The cost of the object 1
∗
is c1 = 10 which indicates that ZLP−F2 ≥ 10 and therefore ZLP−F2 > ZLP−F1
= 8.
∗
∗
∗
The solution obtained using LP-F2 corresponds to x1 = 1, x2 = 0, x3 = 1, w∗124 = 0
∗
= 11. This is also the optimal solution for the instance
and w∗134 = 1 with cost ZLP−F2
I because the values of the variables are integer.

y∗1,3

3.1 Computational Experiments
The mathematical formulations were tested using the solver CPLEX 11.2 [13] and
executed in an Intel(R) Core(TM)2 Quad CPU Q9550 with 2.83GHz CPU and 8GB
of RAM running under Linux 64 bits (kernel 2.6.27-16).
To evaluate the formulations, two set of instances were created. The first set G1 is
composed by 60 instances which were generated from 20 instances containing more
than 500 elements and originally developed for the SCP (available in [1]). Ten instances were used to generate SCPP instances with 300 objects and the other 10 to
generate SCPP instances with 500 objects. For each of these 20 instances, three instances were created with different element sets which were defined by randomly
selecting 25% (I25 instances), 50% (I50 instances) and 100% (I100 instances) elements from the SCP instance.
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The second group of instances G2 is also derived from instances originally developed for the SCP available in [1], but they are generated in a different way to that
used for generating G1 instances. We used 53 SCP instances where for each line to
be covered there is a list of columns L that can cover it. In order to generate an SCPP
instance, all combinations of two columns from L are considered to be pair of objects which may cover an element associated to the line. For each line, the parameter
p ∈ [0, 100] is used to select the percentage of the number of pairs that will not be included in the new instance. Each SCP instance originated three SCPP instances that
were obtained using the following values for p: 25%, 50% and 75%. Hence, three
sets of instances were generated: scp 25, scp 50 e scp 75, resulting in a total of 159
instances.
All instances are available at http://labic.ic.uff.br/Instance.
For the first group of instances, the Extended Formulation (F2) was executed
until the optimal solution was found. Considering δF2 (i) as the time spent using F2
to obtain the optimal solution of an instance i, the time limit established for the Lancia
Formulation (F1) was set to be ∆F1 (i) = dδF2 (i) × 5e.
In the following tables, Group denotes the group of instances, LR represents
the average gap between the linear relaxation and the Best Known Solution (BKS),
R-LB corresponds to the average gap between the root relaxation and the BKS and
B-LB indicates the average gap between the IP solution and the BKS. Also, the CPU
time in seconds is respectively presented for these three cases. Finally, we provide
the average results obtained for the instances of each group.
The results presented in Table 1 show that the bounds obtained using F2 were
considerably stronger than those obtained when using F1. In addition, when using F2,
the optimal solution for all instances of this group were obtained, while, when using
F1, no optimal solution was found and the given time limit was not even enough to
process the root node. The computational time spent to solve the linear relaxation
of F1 is much larger than the one spent to solve the linear relaxation of F2. Also, it
can be observed that the average gap between the linear relaxation and the best know
solution was considerably larger when using F1 (98.46%) when compared to the one
obtained by F2 (0.08%).

Table 1 Results for G1 instances
Group
I100
I50
I25
Avg.

Gusfield Model - F1
gap (%)
time (s)
LR R-LB B-LB
LR
Root
99.00 81.67 81.67 2600.09 666.13
98.59 92.55 92.55
398.12 220.47
97.78 96.58 96.58
164.42 104.99
98.46 90.26 90.26 1054.21 330.53

Total
666.13
220.47
104.99
330.53

LR
0.08
0.05
0.11
0.08

Extended Model - F2
gap (%)
time (s)
R-LB B-LB
LR
Root Total
0.01 0.00 3.86 123.70 125.06
0.03 0.00 3.09 39.47 39.79
0.06 0.00 4.58 18.63 18.83
0.03 0.00 3.84 60.60 61.23

Table 2 presents the results obtained for the G2 instances. In order to obtain results
in reasonable time, a time limit of 10 hours was established. Both formulations failed
to conclude their execution due to lack of memory for 10 instances (5 from the scp 25
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group and 5 from the scp 50 group). Therefore, we have only considered the results
obtained for 149 instances.
The Extended Formulation (F2) was capable of finding the optimal solution for
85 instances, whereas the Lancia Formulation (F1) obtained the optimal solution for
only 11 instances, within the time limit established. For the instances with higher
amount of pairs (group scp 25), F1 was not successful to find the optimal solutions
for all instances. From Table 2, it is clear that F2 is highly superior than F1, since it
produced consistently better results in every measure considered by this study.

Table 2 Results for G2 instances
Gusfield Model - F1
gap (%)
time (103 s)
LR R-LB B-LB
LR Root Total
scp 25 14.83 12.36 11.75 7.37 11.54 36.00
scp 50 20.45 15.67 15.43 7.80 13.52 32.32
scp 75 24.78 21.39 21.07 9.58 12.88 31.92
Avg. 20.02 16.47 16.08 8.25 12.65 33.41
Group

Extended Model - F2
gap (%)
time (103 s)
LR R-LB B-LB
LR Root Total
9.64 9.08 7.19 1.29 2.81 15.02
9.64 9.47 7.29 0.98 1.56 14.18
13.74 13.66 11.58 2.88 3.97 18.62
11.01 10.74 8.68 1.72 2.78 15.94

4 Iterated Local Search Heuristic
Although the developed extended formulation F2 was capable of finding some optimal solutions, several instances were not solved within the time limit of 10 hours.
This was somehow expected since the SCPP is NP-Hard. Therefore, we have proposed a heuristic procedure in order to obtain good quality solutions in a reasonable
computational time.
The developed solution approach is based on the ILS metaheuristic, which consists of a procedure that explores the neighborhood of a solution by applying perturbations in the incumbent solutions to escape from local optima. This metaheuristic
has been successfully applied to solve many combinatorial optimization problems as
pointed out in [15]. Recently, some very good results were obtained by our research
group using ILS to solve the vehicle routing problem with simultaneous pickup and
delivery [17].
There are four components to consider when implementing an ILS heuristic [15]:
(i) a procedure to generate an initial solution; (ii) local search algorithms; (iii) a perturbation strategy; and (iv) an acceptance criterion.
Algorithm 1 shows the basic structure of ILS. An initial solution S0 is obtained by
a constructive algorithm (line 1), and a local search is applied to S0 in line 2. While
the termination condition is not met, in each iteration, a perturbation is applied in
solution S∗ (line 4) and the neighborhood of this new solution is explored by a local
search algorithm (line 5). If the acceptance criterion is satisfied, the solution obtained
after the local search is set as the new current solution.
A fundamental issue to obtain good solutions when implementing an ILS heuristic is the definition of the perturbation strategy. If the perturbation is too small, i.e.,
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Algorithm 1 Iterated Local Search
1:
2:
3:
4:
5:
6:
7:
8:

S0 = Constructive Algorithm( );
S∗ = Local Search (S0 );
repeat
S0 ← Perturbation(S∗ );
S0∗ ← Local Search (S0 );
S∗ ← Acceptance Criterion (S∗ , S0∗ );
until (termination condition met);
Return (S∗ );

it does not perform considerable changes in the current solution, the local search applied in this new solution may return to the previous solution, so few solutions of the
search space are explored.
Algorithm 2 shows the ILS heuristic developed in this work.
Algorithm 2 Iterated Local Search for SCPP
1:
2:
3:
4:
5:
6:
7:
8:

S0 = ADH( );
S∗ = DALS (S0 ,γ ,k);
repeat
S0 ← Perturbation(S∗ );
S0∗ ← COLS(S0 );
S∗ ← Acceptance Criterion (S∗ , S0∗ );
until (best solution is not updated for impr iter iterations);
Return (S∗ );

A greedy constructive procedure called Add Drop Heuristic (ADH) was developed for building the initial solution (line 1). In line 2, the procedure Drop Add Local
Search (DALS) is performed after the initial solution is built. Then, a perturbation is
carried on in line 4 and the neighborhood of this solution is explored by the procedure
Change Object Local Search (COLS) in line 5. The acceptance criterion is evaluated
in line 6.
Algorithm 3 describes the steps performed by ADH. In line 1, the solution S is
initialized containing all objects of A. Next, the algorithm verifies the possibility of
removing each element of S. In line 2, the objects a ∈ A are sorted in ascending order
according to their associated cost ca and stored in the ordered set A0 . In line 4, the
first object a is selected from A0 and removed from A0 . Then, in line 5, the procedure
Verify feasibility checks if deleting object a from S will cause the uncovering of
some elements from U. If all elements from U are still covered after removing a,
then it is removed from S in line 7. The algorithm terminates when there are no more
candidates to be removed in set A0 (line 3).
Algorithm 4 presents the pseudocode of DALS. The algorithm receives three input parameters: the initial solution S obtained by ADH, a constant γ ∈ [0, 1] and a
positive integer k. The first phase of the algorithm consists in randomly selecting
γ × |S| objects to be removed from the current solution S, which are stored in Q. The
elements which are deleted are stored in a tabu list lt to disable their removal from
the solution in the next iterations (line 3). Then, the elements from Q are deleted
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Algorithm 3 ADH
1:
2:
3:
4:
5:
6:
7:
8:
9:

S ← A;
A0 ← Sort (A);
while (A0 6= 0)
/ do
a ← Choose object drop(A0 );
answer ← Verify feasibility(a);
if (answer = true) then
S ← S\{a};
end if
end while

from S (line 4), and the solution becomes unfeasible, because some elements from
U turn to be uncovered. To generate a feasible solution S00 , a rebuilding procedure is
performed considering just the uncovered elements from U (line 5). The rebuilding
procedure selects the objects to be included in the solution so that they cover these
uncovered elements with minimum cost. The best solution S∗ found is updated in
line 7, if the solution S00 presents a smaller cost. The iterations are performed until k
iterations are performed without improving S∗ . The perturbation strategy consists in
Algorithm 4 DALS (S, γ , k)
1: S∗ ← S;
2: while (num iter without improvement < k) do
3:
Q ← Select objects( S, γ ,lt );
4:
S ← S\Q;
5:
S00 ← Rebuild solution (S);
6:
if ( cost(S00 ) < cost(S∗ ) ) then
7:
S∗ ← S00 ;
8:
end if
9:
S ← S∗ ;
10: end while

removing α × |S0 |, α ∈ [0, 1] objects from the current solution S0 and rebuilding it using two constructive heuristics developed in [8]. Each time one of them is randomly
selected. The first one, called Best Pair Heuristic (BPH), is based on the cheapest insertion strategy. At each construction iteration, the algorithm chooses the best pair of
objects to cover a particular element. The second constructive heuristic, called Modified Best Object Heuristic (MBOH), works as follows. In each construction iteration,
the algorithm chooses the best object not yet inserted in the solution according to its
contribution in covering the elements.
The Change Object Local Search (COLS) heuristic developed to be used during
the ILS iterations is shown in Algorithm 5. The neighborhood evaluated by this algorithm is defined by deleting one object from the solution S and rebuilding a new
solution not using this object. The best solution S∗ obtained by the local search procedure is initialized in line 1. In each iteration, from lines 2 to 14, S00 stores the best
solution found in neighborhood of S∗ and S0 represents a temporary solution. To find
the best solution in the neighborhood of S∗ , each object of the current solution is
deleted (line 5) and a new solution is build using a constructive heuristic, which is
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randomly selected between BPH and MBOH described before. A penalization is applied in the removed object so that it can not be reinserted in the rebuilt solution
(line 6). This is a best-improving strategy, so at each iteration all neighborhood is
evaluated (lines 4 to 10) and S00 stores the best solution found in the neighborhood
of S∗ . If a solution S00 presents smaller cost than the current best solution S∗ , the best
solution S∗ is updated in line 12, and the local search is restarted in the neighborhood
of the new solution S∗ . The algorithm terminates when all neighborhood is searched
and no better solution than S∗ is found.
Algorithm 5 COLS (S)
1: S∗ ← S;
2: while (there is improvement in S∗ ) do
3:
S00 ← S∗ ;
4:
for all object j ∈ S∗ do
5:
S0 ← S∗ \{ j};
6:
S0 ← Rebuild with penalization (S0 , j);
7:
if (cost(S0 ) < cost(S00 )) then
8:
S00 ← S0 ;
9:
end if
10:
end for
11:
if (cost(S00 ) < cost(S∗ )) then
12:
S∗ ← S00 ;
13:
end if
14: end while

The solution obtained after executing the procedure COLS is accepted as the new
current solution if its cost is less than β times the current solution cost.
The ILS procedure terminates when the best solution is not updated for impr iter
iterations.

4.1 Computational Results
The ILS heuristic was coded in C++ and was implemented using the same machine
described in Subsection 3.1. After executing some preliminary experiments for tuning
parameters, the γ parameter which defines the percentage of objects to be removed in
the perturbation strategy was set to 0.30 and the β parameter used in the acceptance
criterion was set to 1.05.
Two experiments were performed adopting two different termination criteria. In
the first one, the ILS procedure terminates when the best solution was not updated for
10 consecutive iterations and in the second one, the ILS procedure terminates after
a time limit. For both experiments, the algorithm was executed 10 times for each
instance using in each time a different seed for generating the random numbers.
Table 3 presents the results obtained for G2 instances, for which the extended
formulation F2 was not able to find all optimal solutions for all instances. The column
Extended Model - F2 denotes the average gap between the solution found by F2 and
the best solution found by F2 or ILS and the average computational time for finding
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the solution using F2. The column ILS-iter corresponds to the average gap between
the solution found by ILS adopting the first termination criterion and the best solution
found by F2 or ILS and the average computational time and the column ILS-time
represents the gap and computational time for the solution found by ILS using the
second termination criterion. These results show that the ILS heuristic was capable
of obtaining better solutions in less computational time.
Table 3 Results for the G2 instances - F2 × ILS
Group Extended Model -3 F2
gap(%) time(10 s)
scp 25 2.16
15.02
scp 50 2.32
14.18
18.62
scp 75 1.04
Avg.
1.84
15.94

ILS-iter
gap(%) time(103 s)
4.30
0.91
4.87
0.52
4.04
0.26
4.40
0.57

ILS-time
gap(%) time(103 s)
1.34
1.90
1.59
1.64
1.37
1.36
1.43
1.63

Another experiment was performed to compare the results obtained by formulations F1 and F2 and those found by the ILS heuristic. In this experiment, the execution
time limit set for both formulations F1 and F2 was of 10 hours, while the one set for
the ILS heuristic was of 1 hour. Figures 1 and 2 illustrate, respectively, the results
obtained for instances scp410 25 and scpsclr10 75. The vertical axis corresponds to
the solution cost whereas the horizontal axis represents the execution time.
3282

cost

F1 (10H)
F2 (10H)
ILS (1H)
OPT

2300

1940

1769
1650
1558
1,7

4,9

15,5

150

600

1H

10H

execution time

Fig. 1 Comparing results obtained by F1, F2 and ILS for instance scp410 25

The optimal solution of the instance scp410 25 is known and its value is 1558, as
shown in Figure 1. This solution was obtained after 15.5 seconds using F2. Both F1
and the ILS heuristic were not able to find this solution in the given time limits. After
10 hours, the best solution found by F1 presented a gap of 5.71% from the optimal
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solution. The ILS heuristic found a solution with a gap of 0.50% after 147 seconds
but it was not able to further improve it within the established time limit of 1 hour.

F1 (10H)
F2 (10H)
ILS (1H)
Best

cost

143

97
93

84

75
0.27

33.9
82
execution time

277

1H

19876 10H

Fig. 2 Comparing results obtained by F1, F2 and ILS for instance scpsclr10 75

From Figure 2, it can be seen that we were not able to find an optimal solution
for instance scpsclr10 75 when using both F1 and F2, in the time limit of 10 hours.
The best solution cost obtained by F1 and F2 were respectively 85 and 76. The ILS
heuristic obtained, in 277 seconds, the best solution with an associated cost of 75.
These results show that the proposed formulation F2 improves the results obtained by F1 as already presented in the previous section, and also that the ILS
heuristic was able to improve the quality of the solutions obtained by F2 in much
less computational time.

5 Concluding Remarks
This work proposed an extended mathematical formulation for the Set Cover with
Pairs Problem (SCPP) which is stronger than the one proposed in [9]. Experimental
tests were carried out to evaluate the performance of both formulations in instances
with up to 500 objects. The results showed that the extended formulation consistently
obtained more optimal solutions and consumed less computational time. We also
developed an ILS heuristic which were able to find better quality results in less computational time when compared to the results obtained by the extended mathematical
formulation.
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13
Research partially supported by Fundação de Amparo à Pesquisa do Estado do Rio de Janeiro (FAPERJ:
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