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Abstract— This paper presents a new variant of the p-center
problem that incorporates capacity, stratification and failure
prediction constraints in the context of optimizing the location
of healthcare centers. Here, the demand points are assigned
to a main center but can be served by a backup center if
the main one fails. Additionally, different types of demand,
organized into services, share the same set of p centers. The
objective is to minimize the maximum distance between demand
points and their assigned centers. A mixed integer linear
programming model is proposed and used to solve this problem
with the CPLEX solver. Three objective functions are explored
separately. The first minimizes the maximum distance to the
backup center. The second, minimizes the distances to both the
main and backup centers. The last minimizes the maximum
distance to the main center. The aim of this study is to compare
the structure of the solutions developed and the computation
times between these objectives.

I. INTRODUCTION

The p-center is a well-known NP-hard problem [1] that
aims to locate p centers so as to minimize the maximum
distance between the demand points and their nearest cen-
ter [2]. This is a classical facility location problem which
arises in various domains, but the area of application, with
our primary focus being the location of healthcare cen-
ters. However, in real-world contexts this problem usually
presents additional features. Several studies in the literature
introduce variants [3] that incorporate some of these features,
such as capacity constraints [4], or the inclusion of existing
centers [5]. It is worth noting that these variants typically
incorporate only one additional feature at a time, remaining
far removed from practical needs. In an attempt to get
closer to the complexity found in real-world applications,
we propose a new variant of the p-center problem combining
capacity constraints [6], stratification aspects [7] and failure
foresight [8] ensuring that each demand point is assigned
both a main center and a backup center.

The contributions of this paper is twofold. The first
contribution is a Mixed-Integer Linear Programming (MILP)
formulation of this new problem. The second contribution
is a comparison between different objective functions: the
first, inspired by the work of Espejo et al. [8], aims to
minimize the maximal distances between the backup centers
and demand points; the second is new to the literature
and aims to minimize the sum of the maximum distances
between demand points and both main and backup centers;
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while the last serves as a reference and simply aims to
minimize, for each service, the maximal distance between
a city and its main service center. Our comparative analysis
focuses on two major aspects: the structural differences of
solutions obtained by the introduced approaches and their
computational performances.

The paper is organized as follows. In Section II, we define
the extended variant of p-center, accounting for stratification,
capacity constraints and failure foresight. In section III, we
introduce a MILP formulation of the problem based on
the Daskin [9] model for the classic p-center problem. In
Section IV, we report the experimental results comparing
the objective functions in terms of structure of the solutions
and computational performance. Finally, we conclude and
discuss future work in Section V.

II. PROBLEM DEFINITION AND NOTATIONS

We formalize the problem using the context of locating
healthcare centers within a given region. The region is
modeled as a graph G = (N,E), where the set of nodes
N (with n = |N|) represents cities. Each city has stratified
healthcare demands. These demand strata correspond to
different types of healthcare services, such as pediatrics,
geriatrics, or gynecology. The demand in each city varies
across these services, reflecting diverse population needs.
The set S contains all the possible services (strata). We
denote qis ≥ 0 the amount of service s ∈ S demanded by
city i ∈ N and Si ⊆ S the subset of services such that qis ̸= 0.

Each city is also a potential healthcare center location
with varying capacities for each service. We denote uis ≥ 0
the potential capacity of the city i to provide the service s
and Ci ⊆ S the subset of services such that uis ̸= 0. The set
Ns ⊆N contains the cities i∈N such that qis ̸= 0, designating
the set of cities demanding the service s. The set of edges
E represents connections between cities, each edge being
assigned a weight representing the distance or cost of travel.
The minimum distance between any two cities i and j is
denoted by di j. Each city i must be associated with two
centers to satisfy each of their demands: a main center and
a backup center for each of service s ∈ S. Both the main
and backup centers must be able to completely satisfy the
demand of their assigned demand points. Moreover, for each
city, the main center must be closer than the backup center
for all services.

The objective is to locate p healthcare centers within the
cities (i.e., the nodes of the graph) so as to minimize the
maximum distance between a city and its main and/or backup
centers, while respecting the constraints. We thus define:



(a) Service X (b) Service Y

Fig. 1: Example with 6 cities and 2 services

• As = maxi∈N{dik | k is the main center of city i for
service s}, the maximum distance between cities and
their main center for healthcare service s ∈ S;

• Bs = maxi∈N{dik | k is the backup care center of city
i for service s}, the maximum distance between cities
and their backup center for healthcare service s ∈ S;

Example 1. We consider a graph G composed of 6 cities
and 2 services X and Y. Cities 1,2,3,4 and 5 demand service
X (see Fig. 1a) while service Y is only requested by cities
2,3,4,5 and 6 (see Fig. 1b). The demand for each city in both
services is set to 1, while the capacity of healthcare center
is set to 20 per service. Assuming p = 3, a feasible solution
is shown in Fig. 1 where centers are drawn as squares, an
assignment to a main center is designated by a plain arc and
an assignment to a backup center is designated by a dotted
arc. For instance, for service Y, node 5 is the main center for
city 6 and itself and node 4 is the backup center for cities
2, 5 and 6. In this example, the largest assigned distance
between a city and its main center is 10 for service X and
20 for Y. Besides, the largest assigned distance between a
city and its backup center is 45 for both services.

We consider different objective functions. The first one,
denoted f and defined in equation (1), is inspired from [8]
and aims to minimize, for each service, the maximum dis-
tance assigned between a city and its backup center. Espejo
et al. justify this choice of aiming to minimize the distance
to the second closest center (i.e., backup center) by stating
that ”in case of an accident which produces a damage in one
of the emergency services, all the sites should still be inside
the smallest possible radius around an available center” [8].

f = ∑
s∈S

(Bs) (1)

The second objective function g is introduced in equa-
tion (2) and aims to minimize not only the maximal distance
between a city and its backup center, but also the maximal
distance between a city and its main center, for each service.
This objective is motivated by the fact that, while the distance
to the backup center is important in the event of failure of the
main center, the distance to the main center also plays a very
important role in everyday life. Therefore, we introduce the

terms As in the objective function to account for both aspects.

g = ∑
s∈S

(As +Bs) (2)

Finally, we introduce a third objective function h, defined
in equation (3), which aims to minimize, for each service, the
maximal distance between a city and its main service center.
The function h is introduced solely to provide an additional
reference for comparing the functions f and g, particularly
concerning the lower bounds of the variables As for each
service s ∈ S.

h = ∑
s∈S

(As) (3)

Example 2. We consider the same graph G as in Example
1 showcased in Fig. 1. Computing the optimal solution
with the objective function f gives us the following values:
∑s∈S(As) = 40, ∑s∈S(Bs) = 90 and ∑s∈S(As +Bs) = 130. For
the function g, we obtain: ∑s∈S(As) = 30, ∑s∈S(Bs) = 90 and
∑s∈S(As+Bs) = 120. As for the the objective function h, the
results are: ∑s∈S(As) = 30, ∑s∈S(Bs) = 105 and ∑s∈S(As +
Bs) = 135.

III. FORMULATION

The problem described in Section II can be formulated
by Mixed Integer Linear Programming (MILP), based on
the classic p-center problem model of Daskin [9]. With this
purpose, the following decision variables are defined:

xi js =

{
1 if j is the main center for city i, for service s,
0 otherwise. ∀i, j ∈ N, s ∈ S

wi js =

{
1 if j is the backup center for city i, for service s,
0 otherwise. ∀i, j ∈ N, s ∈ S

y j =

{
1 if a center is opened in city j
0 otherwise. ∀ j ∈ N

Besides, we have the secondary integer variables As and Bs

for each service s ∈ S, described previously. Using these
variables, the MILP model is defined as follows:

Min F (4)
s.c

∑
j∈N

y j = p (5)

∑
j∈N

s∈C j

xi js = 1 ∀i ∈ N, ∀s ∈ Si (6)

∑
j∈N

s∈C j

wi js = 1 ∀i ∈ N, ∀s ∈ Si (7)

xi js ≤ y j ∀i, j ∈ N, s ∈ Si ∩C j (8)
wi js ≤ y j ∀i, j ∈ N, s ∈ Si ∩C j (9)
xi js +wi js ≤ 1 ∀i, j ∈ N, s ∈ Si ∩C j (10)

∑
j∈N

s∈C j

di j · xi js ≤ As ∀i ∈ N, s ∈ Si (11)



∑
j∈N

s∈C j

di j ·wi js ≤ Bs ∀i ∈ N, s ∈ Si (12)

∑
j∈N

s∈C j

di j · xi js ≤ ∑
j∈N

s∈C j

di j ·wi js ∀i ∈ N, s ∈ Si (13)

∑
i∈N
s∈Si

qis · xi js + ∑
i∈N
s∈Si

qis ·wi js

≤ u js · y js ∀ j ∈ N, s ∈C j (14)
xi js ∈ {0,1} ∀i, j ∈ N, s ∈ Si ∩C j (15)
wi js ∈ {0,1} ∀i, j ∈ N, s ∈ Si ∩C j (16)
y j ∈ {0,1} ∀ j ∈ N (17)
As,Bs ≥ 0 ∀s ∈ S (18)

The objective function F in (4) can be either f , g or h, re-
spectively defined in equations (1), (2) and (3). Constraint (5)
limits the number of open centers to p. To ensure that cities
are assigned to only one main center (resp. backup center) for
each service, we introduce the constraint (6) (resp. constraint
(7)). Constraints (8) and (9) require cities to connect only to
centers that are necessarily open. Constraint (10) prevents
center j from being both a main center and a backup center
for the same city i for a given service s. Constraints (11) and
(12) determine the upper bounds of the distances between
a city and its associated main center (respectively backup
center). Constraint (13) requires the distance to the backup
center to be greater than or equal to the distance to the main
center. Finally, constraint (14) stipulates that the total demand
of service s must not exceed the capacity of a center for this
service. We note that the capacities of the main and backup
centers are combined into a single constraint, otherwise we
would have over-capacities. In this model the number of
variables and constraints is in O(|S| · |N|2).

IV. EXPERIMENTAL EVALUATION

We conducted computational experiments to evaluate both
solutions’ structure and time performances for each objective
function (i.e., f , g and h). The program is coded in C++
and executed on a single thread of an Intel Xeon E5-2620
v4 2.10GHz processor with 64 GB of RAM, running under
Debian 12 (bookworm, 64 bit). IBM ILOG Cplex 22.1.1 was
used to solve the MILP models, with the feasibility-before-
optimality setting enabled. A time limit of 3600 seconds was
set for each test.

A. Benchmark Instances

We considered 5 sets of instances: the first four (D1, D2,
D3 and D4) are adapted from the literature, and the fifth D5
is a set of new small instances. Following the literature, in
all the test sets, each vertex is both a demand point and a
candidate location for a center. We have enriched the D1,
D2, D3 and D4 instance sets, which initially comprised a
single service s0, by varying the number of services |S| within
{3,5,10,15,20}.

To guarantee service diversity, capacities and demands are
taken from s0 data, respectively denoted q0

is and u0
is . For each

city i∈N and each service s∈ S, qis = q0
is.lis and uis = u0

is.mis,
where lis and mis are random numbers in [0.8,1.2].

The presence of demand and/or capacity for service s in
city i ∈ N is randomly set. Let ai ∈]0,1[ be a real random
number associated to city i. We independently draw two
random numbers bis and b′is ∈ [0,1[. If bis < ai, demand on
service s is present. In a same way, if b′is < ai capacity on
service s is present. Hereafter, we summarize the providence
and features of each benchmark set:

• Set D1: Proposed by Lorena and Senne [10] for the
Capacitated p-median problem. This set contains six
instances with |N| varying from 100 to 402 and p
varying from 10 to 40. The capacities of these instances
are homogeneous and the distances are euclidean. In
total, we have 7 feasible stratified instances.

• Set D2: This set comprises eight instances by Scaparra
et al. [6], derived from two distinct graphs containing
either |N| = 100 or |N| = 150 vertices (i.e., cities) and
with non-Euclidean integer distances. From each graph,
four instances with homogeneous capacities and four
with heterogeneous capacities were created by selecting
p in {5,15}. We have a total of 31 feasible stratified
instances.

• Set D3: Set from the OR-Lib (pmed) for the capacitated
p-median problem. The set contains 40 instances rang-
ing from |N|= 100 vertices (i.e., cities) to |N|= 800 and
p ranging from 5 to |N|/3. These instances have edges
weighted according to geometric distances (triangular
inequalities). We have 54 realizable stratified instances.

• Set D4: Set from the OR-Lib (pmedcap1) for the p-
median problem. This set is composed of 2 groups of
10 instances with equal capacities. The first group has
|N| = 50 and p = 5 while the second has |N| = 100
and p = 10. We have a total of 99 feasible stratified
instances.

• Set D5: We generate a new set of 42 statified instances
based on the instances in Scaparra et al. [6]. These
instances contain |N| ∈ {20,25,30,35,40,45,50} nodes
and p ∈ { |N|

10 ,
|N|
5 , |N|

3 } centers. In addition, for each
instance, we consider |S| ∈ { |N|

10 ,
|N|
5 } number of different

strata. For each node i ∈ N and for each stratum s ∈ S,
the demands qis are equal to 1 and are the same for every
node. The capacities have different values ranging from
|N| to 2×|N|.

In our experiments, we solve all the instances described
above with the different objective functions f , g and h
(respectively defined in equations (1), (2) and (3)) and we
compare the computational time and the solution structures
between them. In our following analysis, we distinguish
between instances for which the three objective functions
simultaneously find optimality in less than 3600 seconds and
instances for which they do not (see Tables I, II and IV ). For
the sake of simplicity, we will denote Dsim

i (i ∈ {1, . . . ,5})
the instances in the set Di for which f , g and h have
simultaneously found optimality and Ddi f

i = Di \ Dsim
i the

set of instances for which they have not. We note that



Dsim
1 = Dsim

2 = Ddi f
5 = /0, i.e., the three objective functions

did not manage to solve simultaneously to optimality any
instance in D1 and D2 whereas they managed to do so for
all the instances in D5.

B. Comparison of Solution Structures

First, we focus on the differences in terms of solution
structure. The results are presented in Tables I, II and III
for each benchmark set and objective function f , g and h.
For these tables, the h function managed to find 2 optimums
while f and g did not for Ddi f

1 family. For Ddi f
2 , no objective

function found an optimum in 3600 seconds. For instances
in Ddi f

3 , the objective function h managed to find 19 optimal
instances while the function g found 8 and f only one. As
for Ddi f

4 , the objective function h found 20 optimal instances,
the function g 10 and the function f none.

In Table I, we firstly focus on analyzing the objective
values, with columns A , B and A +B denoting the average
of the best objective function values per instance family,
i.e., A = 1

|D| ∑D ∑s∈S As; B = 1
|D| ∑D ∑s∈S Bs; A +B =

1
|D| ∑D ∑s∈S(As+Bs) where |D| is the number of instances in
the considered instance set D. For example, for the objective
function g, the 42 instances of Dsim

5 obtain on average,
for each service, a value of 144.3 as the greatest distance
between a city and its assigned main center.

Table I shows the results when the functions f , g and h
simultaneously achieve optimality in 21, 39, 42 instances for
the respective datasets Dsim

3 , Dsim
4 and Dsim

5 . We can see that f
obtains the best values of B, g the best values of A +B and
h the best values of A . This behavior can be explained by the
fact that for all instances, in the case of optimality, f , g and
h are respectively lower bounds for the values of ∑s∈S Bs,
∑s∈S(As +Bs) and ∑s∈S As. If we go further, the objective
function g is on average 2.91% higher on the value of A than
the function h (21.26% for the function f ) and is on average
2.19% higher on the value of B than the function f (82.69%

Instances Size F A B A +B

Si
m

ul
ta

en
ou

s

Dsim
3 21

f 421.2 436.7 858.0
g 357.5 438.4 795.9
h 354.0 951.3 1305.3

Dsim
4 39

f 386.2 447.1 833.3
g 304.6 465.6 770.6
h 289.8 821.5 1111.3

Dsim
5 42

f 156.8 171.6 328.4
g 144.3 175.1 319.4
h 140.6 251.4 392.0

N
on

si
m

ul
ta

en
ou

s

Ddi f
1 7

f 9441.8 12872.2 22313.9
g 4609.3 7399.1 12008.4
h 4030.0 19983.3 24013.3

Ddi f
2 31

f 1005.7 1098.1 2103.8
g 866.5 1029.6 1896.1
h 868.9 1435.0 2303.9

Ddi f
3 33

f 1125.7 1242.7 2368.5
g 972.2 1211.2 2183.4
h 944.9 2088.2 3033.1

Ddi f
4 60

f 542.1 651.3 1193.5
g 378.7 583.6 962.2
h 350.2 1262.8 1613.0

TABLE I: Comparison of the objective functions for simul-
taneous and non-simultaneous optimal solutions

for the function h). The function g gets the best values for
A +B, while f obtains values that are 6.25% higher than
those of g and h gets values that are 43.65% higher than those
of g. The case where the objective functions do not obtain
optimality simultaneously concerns 7, 31, 33, 60 instances
for the respective datasets Ddi f

1 , Ddi f
2 , Ddi f

3 and Ddi f
4 . We can

observe that the objective function h generally obtains the
best values for A , except for Ddi f

2 where g obtains slightly
better results.

If we now look at the values of B and A +B, the
function g always obtains better results than the objective
functions f and h. Going further, the objective function g
exceeds the function h by an average of 6.35% on the value
of A (and 56.07% compared to function f ). However, for the
values of B and A +B, the function g consistently yields
the best values. In contrast, the function f exhibits a 23.71%
increase for the value of B and a 32.32% increase for the
value of A +B. For the values B of the function h, the
function h is 99.56% higher, while for the values A +B it is
57.01% higher on average. In both cases of simultaneous and
non-simultaneous optimality, it is obvious that the function
h always obtains the worst results on the values of B and
A +B. This outcome naturally arises for this objective
function since the values Bs are not constrained.

Next, we focus on the number of times the objective
functions f , g and h obtain the best objective values for each
set. To this end, we study the objective values A = ∑s∈S As,
B = ∑s∈S Bs and (A+B) = ∑s∈S(As+Bs) and we particularly
introduce the measure #Best(Z) which denotes the number
of times where an objective function gets the best value of Z,
with Z ∈ {A,B,A+B}. Table II shows the #Best(Y ) values
for each objective function f , g and h in both cases of simul-
taneous and non-simultaneous optimality. We can observe
in the case of simultaneous optimality that the performance
of the objective functions varies significantly. The function
h consistently dominates the #Best(A) category, particularly
in Dsim

5 , where it achieves 42 occurrences. This indicates
that h is highly effective when focusing on As variables. In
contrast, f does not perform well in this category, achieving
a count of zero in almost all simultaneous cases. However,
f performs strongly on #Best(B), particularly for Dsim

4 and
Dsim

5 , where it respectively achieves 39 and 42 occurrences.
In the case of #Best(A+B), g always manages to get the best
results, notably in Dsim

3 and Dsim
4 with 21 and 39 occurrences

respectively. regarding #Best(B), g performs comparatively
worse, but these results remain reasonable, especially for the
Dsim

3 and Dsim
5 benchmark sets with 16 and 12 occurrences

respectively.
For non simultaneous instances, a different trend emerges.

The function h remains dominant in #Best(A), particularly
in Ddi f

3 (30 occurrences) and Ddi f
4 (58 occurrences), showing

its effectiveness in these case, even though g managed to
have better results for the Ddi f

2 family. On the other hand, g
achieves significant performance in #Best(B), with particu-
larly strong results in Ddi f

2 (28 occurrences), Ddi f
3 (26 occur-

rences) and Ddi f
5 (49 occurrences). In terms of #Best(A+B),



Instances Size F #Best(A) #Best(B) #Best(A+B)

Si
m

ul
ta

en
ou

s

Dsim
3 21

f 0 21 0
g 14 16 21
h 21 0 0

Dsim
4 39

f 0 39 0
g 6 4 39
h 39 0 0

Dsim
5 42

f 1 42 5
g 6 12 42
h 42 1 2

N
on

si
m

ul
ta

en
ou

s

Ddi f
1 7

f 0 1 1
g 2 6 6
h 5 0 0

Ddi f
2 31

f 0 4 1
g 15 28 30
h 0 0 16

Ddi f
3 33

f 0 9 1
g 5 26 32
h 30 0 0

Ddi f
4 60

f 0 11 0
g 4 49 60
h 58 0 0

TABLE II: Comparison of the number of times an objective
function obtains the best objective value for simultaneous
and non simultaneous optimal solutions

g remains the most effective function, especially for the sets
Ddi f

2 (30 occurrences), Ddi f
3 (32 occurrences) and Ddi f

4 (60
occurrences), demonstrating its capacity to optimize both As

and Bs simultaneously. Furthermore, if we focus exclusively
on the objective functions f and g and compare the number
of times they obtain the best results on Best(A), we can
observe that the objective function g totally dominates the
function f . In fact, the g function obtains the best value 233
times out of a total of 233 instances, whereas the f function
only manages to match g 8 times.

In the following, we will look at how assignments between
cities and their centers are organized. In the Maximal section
of Table III, we focus on the largest assignments between
each city and its centers. In particular, we study, for each
instance, the following measures: maxs∈S As, maxs∈S Bs and
avgs∈SAs, avgs∈SBs. As for the Average section of Table III,
we present the results associated to the average assignments
between each city and their centers for every service. So, for
each instance, we define the following MAs and MBs values
for each service s ∈ S:

• MAs = 1
|Ns| ∑(i,k)∈Ns×N dik · xiks

• MBs = 1
|Ns| ∑(i,k)∈Ns×N dik ·wiks

As before, we consider the maximum (maxs∈S MAs,
maxs∈S MBs) and average (avgs∈SMAs, avgs∈SMBs) of these
values.

Example 3. We consider the same graph G as in Example
1, showcased in Fig. 1. We thus have maxs∈S As = 20 and
avgs∈SAs = 15. Furthermore, knowing that (0,0,0,10,10)
are the assigned distances between each city and its main
center for service X, and (0,0,0,10,20) are the assigned
distances for service Y, we thus have MAX = 4 and MAY = 6.
As for the assigned distances between each city and its
backup center, we have the distances (13,23,23,30,45) for
service X and therefore MBX = 26.8, while the distances

Instances (size) Dsim
3 (21) Dsim

4 (39) Dsim
5 (42)

F f g h f g h f g h

M
ax

im
al #Best(maxs∈S As) 4 21 21 5 19 29 9 22 29

#Best(avgs∈SAs) 0 16 21 0 6 39 1 16 29
#Best(maxs∈S Bs) 21 20 0 34 14 0 39 24 2
#Best(avgs∈SBs) 21 16 0 39 4 0 42 12 1

A
ve

ra
ge

#Best(maxs∈S MAs) 10 9 2 1 16 22 7 19 19
#Best(avgs∈SMAs) 5 13 3 1 20 18 5 17 23
#Best(maxs∈S MBs) 11 10 0 31 8 0 28 16 2
#Best(avgs∈SMBs) 10 11 0 31 8 0 27 18 1

TABLE III: Comparison of performance on the maximum
and mean service center distances for functions f , g and h

(13,23,23,25,45) for service Y entail MBY = 25.8. There-
fore, we have maxs∈S MAs = 6 and avgs∈SMAs = 5 while
maxs∈S MBs = 26.8 and avgs∈SMBs = 26.3.

The Maximal section of Table III shows #Best(Z) val-
ues, where Z ∈ {maxs∈S As,maxs∈S Bs,avgs∈SAs,avgs∈SBs},
for instance families where the three objective functions f ,
g and h simultaneously achieved optimality. We can observe
significant differences for the objective functions f , g and
h. Firstly, the function f achieves the best results on all
measures concerning Bs values, while h stands out partic-
ularly on the measure associated with As values. However, f
performs poorly on As’s measures, while h shows very bad
performance on Bs’s measures. As for the objective function
g, although it dominates neither measures on As nor measures
on Bs, it proves to be the most balanced and shows very
satisfying performance in both As and Bs values.

The Average section of Table III shows
#Best(Z) values for each function on the
simultaneously solved instance sets, with Z ∈
{maxs∈S MAs,avgs∈SMAs,maxs∈S MBs,avgs∈SMBs}. The
observed differences are much less pronounced than in the
previous table. The f function, as expected, shows lower
performance on the MAs values, although these results
are better than expected, reaching in particular the best
score for #Best(maxs∈S MAs) with a value of 10. At the
same time, the same function scores best overall on the
MBs values, particularly on the Dsim

4 family of instances.
Concerning the h function, it shows significant weaknesses
on the three criteria associated with values of MAs for the
Dsim

3 instance family, although it remains a good option for
the other instance families on the values of MAs. Moreover,
it performs comparatively worse on criteria related to the
MBs values. The objective function g, on the other hand,
presents a balanced profile. Without being systematically
dominant, it repeatedly achieves the best values for the
indicators #Best(mins∈S MAs) and #Best(avgs∈SMAs) in the
Dsim

3 and Dsim
4 families of instances. For criteria relating to

the MBs values, the g function also maintains satisfying
performance.

C. Comparison of Computational Times

Finally, we focus on differences in terms of computation
time. The solving times in seconds are presented in Table IV
for each benchmark set and objective function. We report the
average, minimum and maximum times respectively in the
colomuns Tavg, Tmin and Tmax. For example, the 39 instances



Instances Size F Tavg(s) Tmin(s) Tmax(s) Nodeavg

Si
m

ul
ta

en
ou

s

Dsim
3 21

f 1196.1 14.6 3516.5 836.3
g 664.6 8.5 2890.0 461.4
h 467.1 10.2 1913.4 34.3

Dsim
4 39

f 910.5 120.8 3442.9 16757.3
g 166.2 11.2 487.8 5244.0
h 43.3 4.5 209.3 592.7

Dsim
5 42

f 135.0 0.1 3102.1 4429.3
g 48.8 0.1 783.4 2525.2
h 9.7 0.1 163.9 746.0

N
on

si
m

ul
ta

en
ou

s

Ddi f
1 7

f 3600 3600 3600 3434.1
g 3600 3600 3600 4582.9
h 2744.4 329.2 3600 2126.6

Ddi f
2 31

f 3600 3600 3600 2852.8
g 3600 3600 3600 3420.8
h 3600 3600 3600 1876.8

Ddi f
3 33

f 3564.4 2420.3 3600 6191.2
g 3084.2 376.3 3600 11868.0
h 2295.7 87.6 3600 3321.7

Ddi f
4 60

f 3600 3600 3600 5789.1
g 3277.9 860.0 3600 6282.2
h 2702.2 42.3 3600 3573.2

TABLE IV: Comparison in terms of solving time for simul-
taneous and non-simultaneous optimal solutions

of the Dsim
4 family take an average of 166.24 seconds to solve

for the objective function g. Column Nodeavg indicates the
average number of nodes in the solving tree, developed by
CPLEX over all instances.

In Table IV, in both cases of simultaneous and non-
simultaneous optimality, function h reaches the best solution
faster on average than f and g. This is obviously related
to the number of nodes developed by CPLEX to reach these
best solutions and to the fact that the distances to the backup
centers are not constrained in h unlike the functions f and g.
In case of simultaneous optimality, compared to the function
h, the acceleration factors on average time with function f
are 2.6 for the set Dsim

3 , 21 for Dsim
4 and 13.9 for Dsim

5 , while
with function g, the acceleration factors are 1.42 for Dsim

3 ,
3.8 for Dsim

4 and 5 for Dsim
5 . It is also noticeable that the

sum of solving times are really lower for h than both f and
g. Furthermore, when comparing only the functions f and
g, it is surprising to observe that, even though g directly
imposes constraints on the As variables unlike f , it solves
the problem faster than f , with average acceleration factors
of 1.8, 5.5, and 2.8 for the Dsim

3 , Dsim
4 , and Dsim

5 families,
respectively. In case of non-simultaneous optimality, we can
observe that function h obtains better solving times in terms
of average and minimum for the sets Dsim

3 and Dsim
4 . These

results are due to the fact that function h obtained more
optimal solutions than f and g. Besides, we can observe in
Table IV that, in the case of simultaneous optimality, function
g always obtains fewer developed CPLEX nodes than f . As
for the opposite case, we can observe that g has more CPLEX
nodes developed than f , showing that g traverses the solution
space faster than f in the same limited time.

V. CONCLUSION

In this paper, we presented a new variant of the p-center
problem that incorporates capacity constraints, stratification,
and failure foresight in the context of optimizing the location

of healthcare centers. We proposed a MILP formulation in
which we compared three objective functions both in terms
of solution structure and computational efficiency. The exper-
imental analysis shows that the simultaneous minimization
of distances to main and backup centers (i.e., function g) is
more effective in our context than the single minimization of
distances to main or backup centers performed by f and h.
Moreover, the g function allows us to have both satisfying
assignments of cities to their main center and also to their
backup center, which the f and h functions do not allow. In
addition to having better quality solutions, g also achieves
better solving times compared to the objective function f .
Furthermore, g enables to better reflect real-world scenarios
by emphasizing proximity to main centers, while also taking
serious account of the placement of backup centers in the
event of failure, which is not the case with f and h. As
future work, we would like to take into account an overload
coefficient for the backup centers instead of considering that
they must take on all demands when main centers fail. We
also plan to give different priorities to services.
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