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Abstract

This paper deals with a bilevel approach of the location-allocation problem with dimen-
sional facilities. We present a general model that allows us to consider very general
shapes of domains for the dimensional facilities, and we prove the existence of opti-
mal solutions under mild assumptions. To achieve these results, we borrow tools from
optimal transport mass theory that allow us to give explicit solution structure of the
considered lower level problem. We also provide a discretization approach that can
approximate, up to any degree of accuracy, the optimal solution of the original prob-
lem. This discrete approximation can be optimally solved via a mixed-integer linear
program. To address very large instance sizes, we also provide a GRASP heuristic
that performs rather well according to our experimental results. The paper also reports
some experiments run on test data.
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1 Introduction

Location-allocation problems are very important problems nowadays in the area of
Operation Research and Logistics: they consist of finding the placement of a number of
servers and deciding the assignments of the existing demand in order to minimize some
general objective function. See, for example, [1-3]. Depending on the framework, the
problem can be cast within the family of continuous non-convex or mixed-integer
programming problems and in some cases it is closely related with the design of
Voronoi partitions [4] in computational geometry. These problems are important by
themselves for their mathematical implications but also by their many applications to
several important areas such as territorial design, market share, hub-and-spoke design,
voting district and shape optimization [5—-10].

Sometimes these servers can be identified with extended domains: in this case we
will speak about dimensional facilities. Mathematically, a dimensional facility location
problem corresponds to finding the best position of a fixed shape geometrical figure
[11,12]. The resolution of the problem in this case must take care of the optimizing
aspect of a certain utility function and also of the geometry of the facility.

In spite of their importance, to the best of our knowledge, the consideration of
location-allocation problems with respect to dimensional facilities has not been exten-
sively considered in the literature. Some exception is the paper [13].

There is a number of papers in the literature dealing with the so-called location-
allocation problem, i.e., a combination of the two tasks, where one asks for the best
positions of the servers together with the best partition of the demand. The location-
allocation approach gives rise to a natural bilevel optimization problem where in the
first level the location decisions are made under the constraint that the allocation will
be given as a best reply function. This bilevel problem is in general hard to solve.
In the particular case where the facilities are dimensional it becomes harder. See for
references Ch. 14 in [1], Ch. 5 in [2].

Situations like these appear very often in Game Theory when two players com-
pete in a hierarchical scheme and the model is usually called Stackelberg game (or
Leader/follower game). In these bilevel problems, we have almost never an explicit
expression of the solution for the lower level problem to be considered and then
included to help in solving the upper level one.

Sometimes and under some suitable assumptions, the solution of the lower level
problem (the so-called best reply) is obtained explicitly and this helps in the resolution
of the upper level problem. This happens, for example, when we use optimal transport
tools as done in [14,15].

This theory started with the problem of moving a pile of sand into a hole of the same
volume minimizing the transportation cost, formulated by Monge. Then, Kantorovich
relaxed the problem providing a dual formulation. Recently these classical results
have been used in a large number of application contexts as Transportation, Logistics,
Physics, et cetera [16—19].

By using optimal transport theory, it is possible to obtain a structure of the solution
of the lower level problem and then to prove the existence of the solution of the bilevel
model. Moreover, the obtained structure of the partition that optimizes the demand
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problem is fundamental in order to develop some approximation results and some
computational algorithms.

This paper generalizes previous result in [13] since that paper only considered
the lower level problem and with particular shapes for the dimensional facilities.
Moreover, the contribution of this paper is threefold. First, we formulate the bilevel
location-allocation problem for very general dimensional facilities and prove, under
suitable conditions, the existence of optimal solutions (the reader is referred to [20,21]
for further details on bilevel optimization and many of its applications). Secondly, we
give an approximation scheme to solve the problem, discretizing some of its elements,
providing convergence results to the optimal solution of the original problem [22-24].
Finally, we also develop an exact solution algorithm applicable to the discrete approx-
imation scheme that reduces the problem to solve a mixed-integer linear problem. In
addition, we also propose a Greedy Randomized Adaptive Search Procedure (GRASP)
heuristic, see [25], that performs very well experimentally in large size instances. The
reader is referred to [26] for a complete list of successful applications of GRASP to
NP-hard problems. The paper also reports our computational experiments with differ-
ent test cases. For the sake of readability, we restrict ourselves to the two-dimensional
setting although most of the results in this paper extend further to finite dimension
spaces.

The rest of the paper is organized as follows: in the second section the bilevel
problem is presented and existence results of optimal solutions are obtained; in the
third section a discretization scheme is defined and some convergence theorems are
proved. In section four different solution approaches are presented: an exact mixed-
integer linear programming model and a GRASP heuristic. We report computational
results on these algorithms based on a testbed of examples. The paper finishes with
some conclusions and an outline for future research.

2 A Bilevel Model and Existence of Optimal Solutions
2.1 Bilevel Approach

We are given £2, a Borel, compact subset of R? which is the closure of a nonempty
open connected set that represents a demand region. We assume that customers in
£2 are distributed according to a demand density D that is an absolutely continuous
probability measure with respect to the Lebesgue measure, where D : 2 — R is
a nonnegative function with unit integral [ o D(q)dg = 1, being g = (x,y) € £2
and dg = dxdy. The goal is to locate p given compact sets Py, ..., P, (p € N)
in £2, assuming that all of them are the closure of nonempty open connected sets,
representing some service centers with dimensional extension. From now on, any set
with these properties will be called a dimensional facility. The reader can observe that,
according to this definition, £2 is also a dimensional facility.

Foreachi € {1, ..., p},let Pl.Q be P; located on the plane with its centroid p; placed
at 0 = (0, 0) € R2. Given g; € R?, we use the notation Pl.qi =gq; + P[.Q to refer to the

dimensional facility Pl.Q displaced by the translation vector Z (see Fig. 1). Observe
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Fig.1 Two possible locations in Pt
the plane for the dimensional
facility P;

P T

that g; is the centroid of Piqi . For Pl.q[ , we call to ¢; € R? a location for P;. Then, we
use the notation P; to refer the dimensional facility without specifying its location and
the same applies for p;. Note that, for the sake of simplicity, we are characterizing the
location of P; by its centroid. However, we could characterize the location of P; by
any other point.

The problem considered in this paper is to locate p dimensional facilities Py, ..., P,
in £ and also to find the partition (market share) Ay, ..., A, satisfying that the
dimensional facility P; serves the consumer demand in the region A; C 2 optimizing
a suitable criterion: we will find a partition of the set £2\{int(P;)U- - -Uint(P,)},1.e.,a
finite family (A; )f’zl of pairwise disjoint Borel sets such that Ule A; = 2\{int(P))U
---Uint(P,)} up to D-negligible sets.

We require that the location of the dimensional facilities P, ..., P, in £2 must sat-
isfy that the interior do not intersect and obviously that P; € §2 foralli € {1, ..., p}.
A family of p dimensional facilities that satisfy the above conditions will be called a
suitable solution. We also assume that there is a location of the dimensional facilities
verifying the above conditions, i.e., the problem considered has at least one suitable
solution.

In order to formally describe the set of suitable solutions for the dimensional facil-
ities Py, ..., P,, we introduce the following notation: let £2; denote the region of R?
in which locating P; makes it to be contained in 2, i.e.,

2 =|aer: PP cal,

foreachi € {1,..., p}. Obviously, £2; C £, foralli € {1,..., p}. Then, the set of
suitable solutions is

r={@.....qp) e xx i (P") it (PP) =0, Vi,je(l....phi#j}.

Clearly, I' € £2° C R2P_ Recall that we are assuming that I" # (.

We consider that the service costs u paid from a point ¢ € R? with respect to the
dimensional facility P; is given by a continuous function u; : R?> x R> — R that
depends on the considered point g and the location g; € R? of the dimensional facility
P;:
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u (qs Piqi) = ui(q9 qi)v
foreachi € {1, ..., p}. To clarify the meaning of choosing the cost « in this way, we
indicate some interesting particular cases (among others) of # and their interpretations:

— Service point case: this is the most intuitive situation. Here, the customer point
g € $2 has to reach the service point in P; (or vice versa) to satisfy its demand
[11]. Assume that the role of the service point is played by the centroid p; of P;.
Then, u can be chosen as

u(q, P) = fi(vi(g — qi),

being f; : R — R a continuous function and y; : R? — R a norm, and where we
are considering a measure of the distance between ¢ and ¢g; according to the norm
;. Note that, although in this case the service cost does not depend on the shape of
the dimensional facility P; but only on its location, the shape of the dimensional
facilities still plays a role in the problem since it determines the set of suitable
solutions I" and also some others aspects of the problem as we will see later.

— Service cost dependent on the shape of the facility: in this case the measure of the
distance from the customer point g € §2 to the dimensional facility P; is related
to its shape. In particular, we can consider the following cases:

e Cost induced by the Minkowski functional (see [27]): assume that the dimen-
sional facility P; is closed, convex, with non-empty interior, then P; induces a
gauge yp, : R> — R defined by the Minkowski functional

yp,-(q)zinf{,\ >0:q eAPiQ},

where )»PiQ denotes the resulting set after applying the homothecy of center
0 and ratio A to the set Pl.g. Observe that yp,(q) = 1if g € 8PiQ and that
vp(q) < 1lifqg € int(P,.Q). Hence, a way to measure how far the customer

point ¢ € £2 is from the dimensional facility PiQ is using the continuous
functional

. 0
)’;P(q): VPI(Q)_L 1fQ¢Pf,
’ 0, ifg € P,

where only the points in the set Pl.Q have assigned the value 0. Taking into
account the above discussion, a natural way to define the cost in this context
is

fl(VP,(q_Qz)_l), ifCI¢Piqia

, Py = :
wa B {f;(O), ifq e Pl

where f; : R — R is a continuous function. Note that the cost u(g, Pl.qi)
depends on the location of the dimensional facility P; as well as of its shape.
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e Worst case cost: this is the case in which the cost u paid from a customer point
q € §2 with respect to the dimensional facility Pl.qi is chosen as the maximum
distance between ¢ and P (see [28]), i.e., u(g, P"') = max; pii Vi (qg—7q),

being y; a norm. Or more generally, u(q, Piqi) = f; (max‘7 epli Vilg — cj)) ,
where f; : R — R is a continuous function. In the particular case in which
P; is a polygon, we observe that the cost can be obtained as u(q, Piqi) =

fi (maszl n Vilq —lqi + v;])) , where {vi, cel, vﬁli} are the vertices of

.....

0 - L . . . .
P;~. This last observation is interesting from a computational point of view.

Given a suitable solution O = (q1,...,9,) € I', we introduce the notation
£22(0) = .Q\{int(qul) U---u int(Pg”)} to indicate the region of £2 to be partitioned
as a function of the location of the dimensional facilities. In addition, we denote by
A, (Q) the set of all partitions, up to D-negligible sets, in p sub-regions of the region
£2(Q) and by A(Q) = (A1(Q), ..., A,(Q)) an element of A,(Q).

We are interested in finding a partition A(Q) = (A1(Q), ..., A,(Q)) of the cus-
tomers in £2(Q) that solves the following problem:

p

- ; , PIYID(¢g)dq ¥, LL
W I RS R '

where a; > 0 is the cost incurred by each customer to access dimensional facility P;
per unit demand and the second term in each integral

Ui(Ai(Q)) = / u(q, P') D(q)dq

Ai(

is the distribution cost in the service region A;(Q), foreachi € {1, ..., p}.

Once, that partition is obtained we would like to get the best location of the p
facilities in such a way that some additional costs are minimized, knowing that, given
a suitable solution Q, the best partition of the customers is given by solving the above
problem LL(Q), usually called lower level problem. These additional costs are: (1)
the installation cost of each facility; (2) a cost due to the waiting time to be served
by each facility; (3) a cost induced by the demand that is lost. In the following, we
describe in detail these costs. (The reader is referred to [1], for a detailed discussion
of different objective functions and costs appearing in Location Analysis.) We note in
passing that even to evaluate the objective function of the above location problem, it
is previously required to find the optimal partition solving problem LL(Q).

(1) Installation cost: suppose that in £2, besides a demand density D, there exists
another absolutely continuous measure with respect to the Lebesgue measure,
called B, to model the base installation costs. We assume that B : 2 — R
is a nonnegative function with finite integral | o B(g)dg < oo. For a suitable
solution Q = (q1, ..., qp) € I, the installation cost of the dimensional facility
P; is modeled by the non-decreasing continuous function /; : a)l.’ € [0, +00) —
I; (wil) € [0, +00) C R, being wl.l = qui B(q)dg,foreachi € {1, ..., p}. There
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are many realistic installation costs that fit within this framework: standard set up
cost fits by taking I; (w,.l ) = F; € R forall a)ll € R; square meter cost is obtained
assuming that B is the density of the square meter cost in §2 and that F; € R
is the fixed cost of building the dimensional facility P;, then the installation cost
of P; is Ii(a)l.l) = F; + fP[qi B(q)dq for all a)iI e R,i € {1,..., p}; square

meter cost with economy of scale also fits taking /; (a)i’ Y= Fi+I;( f pii B(q)dg),

being I : a)lI eR — ii(wl.l ) € [0, 4+00) C R a non-decreasing, continuous and
concave function, for all wl.l eRandi €{l,...,p}.

(2) Congestion cost: if A(Q) = (A1(Q), ..., Ap(Q)) is a partition of the customers
in £2(Q) for a suitable solution Q € I', we consider the congestion cost C; : a)lc €
[0, 1] — Ci(»f) € [0, +00) C R for facility P;, where oF = Ja.c0) P(@)dgq
and C; is non-decreasing and continuous, forany i € {1, ..., p}. Congestion cost
is the most relevant of the above-mentioned additional costs, since as we will see,
it induces in our problem a hierarchical structure of bilevel optimization.

(3) Lost demand cost: a lost demand cost is computed over the lost demand in
2\2(Q) = {int(P/") U--- Uint(P,")}. Lost demand cost is given by L : w* €
[0,1] — L(w") € [0, +00) C R, being L a non-decreasing and continuous
function, and where o’ = fPIq]U“_UP;ip D(g)dg = le fpiqi D(g)dg. We are

assuming that the demand in the region Piqi C 2 is incompatible with installation

of P; within that region, for any i € {1, ..., p}, and therefore, lost demand has

to be accounted for. This assumption can be dropped taking L(w’) = 0 for all
L

w~ € [0, 1].

The above costs induce the following constrained optimization problem. The opti-
mal suitable solution of the dimensional facilities 0* = (g7, ..., q;‘) € I can be
obtained solving the following bilevel problem:

min F(Q)
o
st. A(Q) €arg  min {/ [a; + u(q, Piqi)]D(CI)dQ} , BL
AQ)eA(Q) i LJai(0)
Qerl,

being

o
FQ =Y {zi (/Pg[ B(q)dq) e (/Ai.(@ D(q)dq)i| + L(/qulumupgp D(q)dq).

i=1 i

Observe that for a given suitable solution Q € I, the partition A (Q) of £2(Q) is given
by a solution of problem LL(Q). The solution of the location-allocation problem
will be the pair (Q*, X(Q*)) where Q* solves problem BL. Let us remark that if
Q* = (g1, - - -, q}) is an optimal suitable solution of the bilevel problem BL, then for

anyi € {1, ..., p}, the dimensional facility P,.q" is uniquely determined by its location
(centroid) g}, since we are assuming that its shape is fixed.
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Bilevel optimization requires to have a nested optimization problem as an explicit
constraint in the model. Most classical location models include an allocation phase that
requires to decide how the costumers will patronize the new facilities, which is actually
a nested optimization problem. However, in the standard literature of location there
exists an explicit form to impose that condition that reduces to closest assignment.
Hence, bilevel optimization is not needed. This is not our case, since we do not have
an explicit form of the optimal response function and therefore we need to resort to
the bilevel approach (see [29]).

2.2 Resolution via Optimal Transport Mass

Consider problem LL(Q) for a given suitable solution Q € I'. We point out that
for dimensional facilities, we cannot directly apply the optimal transport theory as
done in [13-15], because the characterization of the optimal partition holds when the
measure v has a discrete support. However, we can prove the existence of solution for
problem LL(Q) by identifying each dimensional facility with its centroid, giving to
the measure a discrete support, as the proof of the following theorem shows. Thus,
building upon the results that appear in the mentioned works, we can obtain a result
similar to the one given in those papers but applicable in this more general framework.

Theorem 2.1 Let Q = (q1, ..., qp) € I'. Suppose that the set
lae 2@ a+u(gP)=a;j+u(q. P} )

is D-negligible, for all i, j € {1, ..., p} withi # j. Then problem LL(Q) admits a
unique solution A(Q) = (A1(Q), ..., A,(Q)) that verifies

Ai@={g 200 :aitu(q P") <a;+u(q. Pl"). Viell,....p)j#i
2
foreachi € {1, ..., p}, where the equalities are intended up to D-negligible sets.

Proof To prove the existence of solution for problem LL(Q), we rewrite it as a Monge
optimal transport problem (see Section 2.1 in [13]). In the proof, we use the absolutely

continuous probability measure ji(g) = D (g)dg being ﬁ(q) = D(q).

Indeed, we prove the existence of solution for the auxiliary problem

o
i s P D d , 3
A(Q)e,Aﬂ(Q 21{//;(@ ai +u(q, P")] D(g) q} 3)

which implies the existence of solution for problem LL(Q).
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Let S be the unit simplex in R” defined by S = {a) =(w1,...,wp) € R’ 1 ; >0,
>-/_, wi = 1}. Then, we can rewrite problem (3) in the following form:

o I
inf inf ui(q, ND(g)dg | : D(g)dg = w; § + ajw; | .
inf (A(Q)EAP(Q){Z[A(Q) i(q,9)D(q) q] /A,-(Q) (q)dq ,} > a z)

i=1 i=1
4)
Letqi, ..., g, beany p points in £2(Q) such that g; # g, foralli, j € {1, ..., p}
with i # j. By Tietze’s extension theorem, there exists a continuous function c¢ :
2(0) x 2(Q) — [0, 4o0] such that c(q, gi) = u;i(q, gi), for any g € £2(Q) and

iefl,...,p}.Givenw = (w1, ...,w,) € S, consider the Monge optimal transport
problem
inf / c(q, T(gq))dpa(q) ©)
T:p=v(0) J2(0Q)

being v(w) = Y_| w;dy,.
By Theorem 2.1 in [13] there exists a solution for problem (5) and it is equivalent
to its corresponding Kantorovich relaxed Monge’s formulation:

inf / c(q, T(g))dp(q) = We(it, v(w)). (©)
Ip=v(®) J2(Q)

By Remark 1 in [15], in the problem (5) any transport map 7 is associated to a
partition (A,~)f:1 of £2(Q) in such a way that

)
T(q) =) Gila(g) and fi(A) =a;.

i=1

Conversely, any partition (Ai)f:] of £2(Q) satisfying [1(A;) = w; corresponds to a
transport map of the form above. Then, we have that

inf / c(q. T(@)dji(g)
TI:pi=v(w) J2(0)

o
inf , gi 14, dii(q) : fi(A;) = w;
A(Q)lenAp(Q) {/Q(Q)c (q Zq A (q)) w(q) : 1(Aj) = }

i=1

o
inf i\q,qi D d . D dg = i f - 7
A(Q)lenAp(Q) {Z |:/A,~(Q)u (q.9)D(q) qi| /A-(Q) (@)dg = } (7

i=1 i

Using equalities (3) = (4), (6) and (7), we rewrite problem (3) as:
o ~ 0
inf i+u(g, PY] D(g)dq } = inf { W.(i1, +
ol o o[ [t 2] By ‘1025: (7 (@) Za,w,}

i=1 i=1
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The function W, (t, v(-)) : S — Ris continuous since W, is the Wasserstein distance
on the set of Borel probability measures on £2(Q). As in addition § is compact, there
exists a minimizer for problem (3).

The form and the uniqueness of the solution for problem LL(Q) are obtained
adapting the proofs of Lemma 2 and Theorem 2 in [15], respectively. O

Theorem 2.1 ensures problem LL(Q) is feasible and, moreover, explicitly gives the
unique solution, up to D-negligible sets, of the problem. Note that the unique solution
of problem LL( Q) given in Theorem 2.1 represents the natural choice of each customer
point in £2(Q) given a prescribed service cost, i.e., each customer point decides to be
served by the dimensional facility that charges him/her the lowest cost. So, the form
of the solution (2) provides a realistic modeling of the customers’ behavior.

For each particular case of service cost and shape of the facilities, the condition
that (1) is D-negligible for all i, j € {1, ..., p} withi # j, has to be guaranteed to
ensure that Theorem 2.1 is applicable. For example, for the worst case cost situation
and polygonal facilities, the condition is guaranteed for all Q € I" whenever a; # a;
foralli, j € {1,..., p} withi # j. This is not a strong assumption since the case
a; = aj can be tackle by slightly perturbing the values: a; +& =aj ora; = a; + ¢
with & > 0 small enough. Onwards, we assume that the hypothesis of Theorem 2.1 is
satisfied forall Q € I'.

As the solution of problem LL(Q) is unique for all Q € I', we can define the best
reply function A: Qel — A (Q) € A,(Q), that maps to a given suitable solution,
the optimal partition of the customers given in (2). In the same way, the function A
is the i-th projection of the function ;f, foreachi € {1,..., p}.

It is easy to verify that the set I" € R?” is compact. Next, taking into account the
above arguments, we can prove the existence of solution for problem BL.

Lemma 2.1 The application between topological spaces A: T — X(F), where I"
is endowed with the relative topology of R* and A(I") with the final topology, is a
homeomorphism.

Proof As 1’4\(1“) is endowed with the final topology, A is continuous as application
between topological spaces. Observe that A (Q) is different for each Q € I, since
A partitions a different set £2(Q) for each Q € I'. Then, A is injective. Moreover,
Ais bijective, since it is clearly surjective. Thus, given that the image space A(F ) is
endowed with the final topology, Aisa homeomorphism. O

Lemma2.2 Leti € {1,..., p}. The function €;(Q) = C; (f;:i(Q) D(q)dq) is con-
tinuous on I'.

Proof Let i : A(Q) € A(I') - [3 9, D(@)dg € [0.1] € R, ie., i (A(Q)) is

the measure, with respect to the D density, of the i-th component of A(Q) Note that
% (0) = Ci(u; (A(Q))) for all Q € I'. The function C; is continuous as well as the
application ;f (moreover, by Lemma 2.1 it is a homeomorphism). Thus, if we prove
that u; is continuous, then %; will be continuous.

To prove that y; is continuous, we have to show that ;" ! (Z) is open in ;4\(1" ) for
any open set Z in R, where A (I'") is endowed with the final topology. Since the open
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Euclidean balls constitute a base of the usual topology, it is enough to consider open
Euclidean balls, i.e., intervals Z = («, B) witho, 8 € Rand « < B.
For any Z = (a, B) as above, we have that

w(2) = {Z(Q) e Al : fA D(g)dq € (a, ﬁ)}.
A (Q)

Let A(Q) € u;'(Z), where O = (§1,...,4,) € I'. Then, Ji.0) P@)dg = ¢ €
(a, B). Next we will prove that there exists 6 > 0 such that A(Q) € A(BOO(Q e)n
I < u; (Z) That result implies that p;” (Z) is open, which will complete the

proof. Note that BOO(Q €) N I is the relative open ball BOO(Q e) of R?” in I, so it
isopenin I” endowed with the relative topology of R2~. Hence, A(BOO(Q e)Nr)is
also open in A(F ) endowed with the final topology, because Aisa homeomorphlsm
Therefore, A (BOO(Q, €)NI) is an open neighborhood of A(Q) contained in p;” (Z),

which means that ufl (Z) is open. O

Claim There exists € > 0 such that X(Q) € ;\\(BOO(Q, eyNnr)c ui_l(Z).

Proof of the Claim Let ¢ > 0 be small enough. For each &, = ¢/n with n €
N, we define the following sets: 27(0.,¢,) = {g € 2 : q ¢ int(qul) u
U int(P;") forall 0 = (§i,..-.Gp) € Beo(Q,e)} and 27(0,6,) =

(g e 2 :q € .Q\{int(Plél) U --- U int(P*)} forsome O = (§1,...,4,) €
BOO(Q,S,,)}. It is not difficult to see that the sets .Q_(Q,s,,) and .Q+(Q,sn)
are measurable with respect to the Lebesgue measure m. Now, consider the

sets A7 (Q.en) = (g € 27(Q.en) : a + ulg, PT) + 36 < a; +
u(u, P;.“)forallj € {1,...,,0}~Withj #i}and AT (Q,e0) = (g € 27(0, &) :
ai +u(q, Py < aj + u(q, ijf') + 3, forall j € {1,..., p}with j # i}, being
& = max {[uq, P}) —u(q, PP)| :q € 2. € (1., 0.4 € clBoo(Gs o)),
which are also Lebesgue measurable sets. ~ ~

Note that A;"(Q. £,) S A7 (Q, €nt1) S Ai(Q) since 27(Q, &x) S 27 (0, €nt1)
C 2(Q). Analogously, A;(Q) € Af(Q.ex11) S A[(Q. &) since 2(Q) <
21(0, en11) € 21(0, €,). Indeed,

oo

ﬂ 70, en)

Il
>)

A7 Q. en)
n=1

up to m-negligible sets. Thus, applying the continuity properties of the Lebesgue
measure, it follows that
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Tim m (A7 (0. 80)) = m (G A7 (0. sn)> =m (&) =m (ﬁ A+ 0. m)
n=1

n=1

= lim m (47 (0.en). (8)

n—o0

Let n = sup,ep D(q) and let ¢ > 0 be such that (¢ — ¢, ¢ + ¢) C

(o, B). Due to (8), there exists ng € N such that m (Z;(Q)\X;(Q,eno)) <

¢/n and m (A5 (0. en)\Ai(D) < ¢/n. Therefore, [1 o)\ 7 (g.0,p) D@dd =<
20N Dy 99 < @ a0d [30(5 170y P@DIG =1 [3+ (5 0,0 A1) 99 <
¢. Or equivalently, fo(Q,enO) D(q)dq > ¢ — ¢ and fxf@»sno) D(g)dg < ¢ + ¢.

Now, let O = (d1. ... dp) € Boo (D, £ny) N I". Then, (u(q, PUY —u(q. PY)

<
&, for all ¢ € £ and j € {l,...,p}. Therefore, ‘(u(q,Piqi)
—u(g, PJ‘?")) - (u(q, PIy — u(q, Pf’))‘ < 2k, < 3 forallg € 2 and j €

{1,..., p}. Note that the above inequality together with the fact that 27 (Q, €ny) <
2(0) € 27(0, &,,) imply that:

A7(Q, n) S Ai(Q) S AT (D, £ny).
Thus,
fA . D(@)dg € (¢ —¢,c+¢) S (a, B).
Ai(Q)
Hence, it is enough to take € = g,, to complete the proof of the Claim. O

Lemma2.3 Leti € {1,..., p}. The function 7;(Q) = I; (fp_q; B(q)dq) is continu-

ousonI.

Proof The proof is similar to the one of Lemma 2.2 but using the sets PF(Q, &n)
{ge:qePforall Q= (i.....4p) € Boo(Q, €n)} and PH(Q. 60) = (g
2 :q € P forsome Q = (§1,....qp) € Boo(Q, en)}.

o m

Lemma 2.4 The function £(Q) = L <qul UoU PP D(q)dq) is continuous on I.
1 p

Proof The proof is similar to the one of Lemma 2.3 but using the sets f: P (Q, &n)
and |J7_, Pl.+(Q,5n). ]
Theorem 2.2 There exists an optimal solution for problem BL.

Proof Problem BL consists in minimizing the function F(Q) = Y7, .%(Q) +
le % (Q) + Z(Q) on I'. The function F is continuous by Lemmas 2.2, 2.3 and
2.4, and the set I" is compact, so the result follows using Weierstrass theorem. O
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(a) 2 (b) 2 (c) @

Fig.2 Sets £2 and & for an example of a Borel set £2 and a regular grid G

Theorem 2.2 finally proves that problem BL is well defined and gives sufficient
conditions for the existence of optimal solutions.

3 A Convergent Discrete Approximation Scheme

The previous section states that problem BL is well defined. However, in spite of being
well defined, optimizing the problem BL is a very difficult task since it amounts to
minimize with a best reply function over the partitions of £2 as a constraint defining the
feasible domain. To overcome that inconvenience we propose a discrete approximation
of problem BL. This approximation provides good solutions for the original problem.
Since £2 is bounded by hypothesis, we can easily find a rectangle of R? containing
£2. Consider a grid G over that rectangle, and thus over £2. Let G be the set of cells
of the grid G. We denote by (k, /) a cell of G, where k indexes the horizontal position
of the cell in the grid and / the vertical one. Now, consider the sets

2 ={(k,]) € G :int((k,])) N 2 # B}

and

@= | *b.

(k,)ef2

Clearly, 2 € £ and we want & to be as similar to §2 as possible. Indeed, &
is the outer approximation of §2 given by the cells of the grid G (see Fig. 2). The
finer the grid, the better the approximation. Note that, for an element of the problem
denoted by a letter, we use that letter in bold to represent the discrete counterpart
of the element. Moreover, with the hollow fonts we represent the approximation of
that element induced by its discrete counterpart, e.g., £2 is the approximation of 2
induced by $2. Onwards, we keep this meaning for the notation in bold and hollow
fonts.

Before to describe the discretization of problem BL, we introduce the following
notation and define some elements involved in the discretization for each (k,[) € 2
andi € {1,..., p}
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— q.1): isthe center of the cell (k, I) Gf {(x~, y7), (x*, y7), (x7, y "), (xT, ¥y} C
R? are the extreme points of the cell (k,[), then the center of (k,[) is ((x~ +
xH)/2,(y" +yM)/2) € RY).

- Pfk’l): is the subset of cells of £ defined by

P = {(r,s) € 2 :int((r, 5)) ﬂint(Piq(k'”) £ VJ} .

- ng’l): is the set defined by

P = .

(r,s)ePl(k’l)

The set ]P’fk’l) is the approximation of the facility Piq(k‘/) induced by the cells of

Pfk’l) (the discretization scheme is the same that the one shown in Fig. 2). We

refer to ]P’l(k’l) as cell facility. The finer the grid, the better the approximation.
— $2;: is the subset of cells of £2 defined by

2, = |(k,z) e@: Pt C 9} .
— @;: is the set defined by

@ = U k, D).

(k.1)ef2;

The set &; is the approximation of £2; induced by £2;.

The discretized version of problem BL (DBL) is to locate p facilities Py, ..., P, in
&2 and to find their demand regions Ay, ..., A, optimizing the costs as in the original
continuous problem BL. To address this discretized problem, we need to transform
the original one making the following natural and simplifying assumptions:

Assumption 1 The dimensional facilities Py, ..., P, can only be located at the
centers of the cells in £2.

This is a simplifying choice that reduces the location problem to a finite number
of positions. Then, a suitable solution of problem DBL is determined by a p-tuple
0 = (k1. 1), ..., (kp, 1)) S £2° where (k;, [;) is the cell in whose center g 1,
is located the dimensional facility P;, foreachi € {1, ..., p}.

Assumption 2 We impose on the cell facilities some conditions induced by the
corresponding ones applicable to the sets Py, ..., P, in problem BL.

Assumption 2.1 The interior of the cell facilities cannot intersect between
them.

This is a modeling assumption because we want that our facilities are placed
in a physical framework and overlapping of facilities is not allowed. So,
if we denote by I' C 27” the set of suitable solutions of problem DBL,
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Q = ((ki,l1), ..., (kp,1p) € T iff P < @ foralli e {1,...,p}
and int®1) Nine®") = g foralli, j € (1..... p} withi # j. Equiv-

alently, using the sets defined above:

Kjolj) _

r= {((kl,zl),...,(kp,lp)) €Rix - x2,: PP 9,

Vi,je{l,...,,o},i;éj}.

Assumption 2.2 Partitions are computed on the set of cells.

Given a suitable solution Q = ((ky,[1), ..., (kp,l,)) € I', we have to find
the optimal partition of @(Q) = @\{int(®1'V) U ... Uint(®S”"")}. The
reader should observe that this is the natural approach when one considers the
discrete approximation of the dimensional facilities by the cell facilities. Note
that & ( Q) is, up to D-negligible sets, the union of the cells of the set £2( Q)
defined as

2(Q) ={r,5) e 2:(r,s) ¢ PX vie(l,..., p}).

Assumption 2.3 The installation and lost demand costs are computed now
over the region occupied by the cell facilities.

Assumption 3 Each element of a partition must be composed by a finite number
of cells.

Given a suitable solution Q@ = ((k1,11), ..., (kp,[,)) € I', any partition A(Q) =
(A1(Q), ..., Ay(Q)) of the set & ( Q) must satisfy that each region A; (Q) is the
union of a finite number of cells of 2(Q), foralli € {1, ..., p}. Once again, this
assumption is the natural consequence of the discretization of the feasible region
£2 into cells.

Formally speaking, we denote by A;( Q) the subset of $2( Q) such that

A= {J o,
(r.s)€Ai(Q)

foreachi € {1, ..., p}. The partition A(Q) = (A1(Q), ..., A,(Q)) of (Q)
assigns the demand cells in £2 ( Q) among the facilities. Note that, for this element
of the problem, A(Q) = A(Q).

Assumption 4 Costs are computed with respect to centers of cells.

Specifically, suppose that the dimensional facilities Py, ..., P, are located at Q =
((k1,01), ..., (kp,1p)) € I'. Thecostug paid fromapointg € £2(Q) withrespect

ki 1)

to the dimensional facility Piq is now induced by the grid G as:

9 1) qk; 1)
MG(‘ZvPi ):u(q(m),Pi )’
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Fig.3 Example 4.1 from [13] in the discrete scheme

being g, sy the center of the cell (r, s) € £2(Q) to which the point g belongs to, for
eachi € {1, ..., p}. Thus,inthe discretized problem, all the points in a cell have the
same cost, namely the cost of the center of that cell in the non-discretized problem.
To ensure ug is well defined, if {(x~, y7), (xT, y7), (x~, y"), (xT, y")} € R?
are the extreme points of the cell (7, s), in terms of membershipness, we consider
(r,s)as[x~,xT)x[y~, y") C R? (this avoid that ¢ may belong to more than one
cell). Note that if the grid G is fine enough, ug(q, pltt ) gives a good approxi-

L
. qik; 1)
mation of u(q, P, ).

Assumption 5 The cost functions I, ..., I,, Cy, ..., C,, L are non-decreasing,
piecewise linear, continuous and nonnegative.
We denote by IIPL, R IEL, CFL, R CEL, LPL these cost functions in problem

DBL to emphasize that they are piecewise linear. Note that the piecewise linearity
assumption is not a big loss of generality. Indeed, taking a partition of the interval
[0, 1] and evaluating the congestion cost function C; of problem BL at the points of
the partition, we can build, by linear interpolation, a piecewise linear congestion
cost function ClP L that approximates C;, for any i € {1,..., p}. The finer the
partition, the better the approximation. The same applies for Iy, ..., I, and L.

Figure 3 shows, as an illustrative example, the discretized version of the Example
4.1 from [13] considering a regular grid G over £2 with 25 x 25 cells (note that, as £2
is the unit square, G = £2).

Consider a suitable solution Q@ = ((k1, 1), ..., (kp,1,)) € I of problem DBL and
let X( 0) = (21 Q),..., Xp (@)) be the optimal partition of the customers in £2 ( Q)
under the assumptions above. Under those assumptions, for eachi € {1, ..., p}, the
access cost incurred by all customers assigned to the dimensional facility P; can be
expressed as
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/A aiD(q)dg = ) / aD(q)dg = Y  awp,
Ai(Q) = (r,s) P
(r.)eA;(Q) (r.s)eAi(Q)

where we are using the notation erS = f r.5) D(q)dq for any (r, s) € £2. Moreover,

the distribution cost in the service region A; (Q) is

A it qk; 1
Ui(Ai(Q)) = '/A uG (q, P; i ”) D(q)dg = Z wﬂu (‘I(r,s)v P G 1)) ’
e r.9eki(0)

Ai(Q

foreachi € {1, ..., p}. Thus, the partition X(Q) = (;\\1(Q), e ;\\p(Q)) is given
by the solution A(Q) = (A1(Q), ..., A,(Q)) of the discretized lower level problem

o
A m.ljl' Z Z I:aiers + w}?su (q(r,S)v Piq(kiyli)):l s DLL(Q)
(@D T syeai0)

being \A,(Q) the set of all partitions in p subsets (where the empty set is a valid
subset) of the set 2(Q).

The assignment cost of a cell (r,s) € $£2(Q) to a dimensional facility P; in
{P1, ..., Py} is qiwP + wPu(qq ), P?%-0). Then, note that in problem DLL(Q)
we are minimizin)g the sum of the assignment costs of the cells in £2(@Q). Thus, the
optimal partition A ( Q) is the one that allocates each cell (r, s) € 2 (Q) to the dimen-
sional fagility in {Py, ..., P,} that provides the minimum assignment cost, i.e., if
(r,s) € A;(Q) forsomei € {1, ..., p}, then

D D 9k 1) D D qkj.15)
AWy + Wyl (qw,s), P ) Sajwyg + weu (qm), P, ;

forall j € {1, ..., p}. Note that there may exist cells (7, s) € £2(Q) for which

D D qki 1) D D ;1)
aiw,s + wyu (q(r,S)’ Pi o ) =ajwes + wpu (CI(r,S)v Pj

forsomei, j € {1, ..., p} withi # j, such that they have a non- D-negligible demand
density wD . Therefore, in the discrete scheme, we cannot define the best reply function
A:Qel — Z(Q) € A,(Q) as we have done in the non-discretized problem,
since it could be not injective. In this case, the application is not injective when two or
more dimensional facilities give the same minimum assignment cost to a cell (r, s).
Reasoning in the same way as above, problem DBL can be expressed as:

min F(Q)

o
s.t. A(Q) € arg m.i:tl ooy [aiwrg +wPu (q(m), Pi‘](ki‘/i)):l’
(DAL (QD) 21 (r5)eAn(0)
Qel,
DBL
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being

0

F@=Y 1| X wE|+c[ X wh
i=1 (r’s)eplfkiv’i) (r,$)€Ai (Q)
p
PL D
+ L Z Z Wys | »

(ki li)

i

i=1 (r,s)eP

where we are using the notation wﬁ. = f(m) B(q)dq for any (r,s) € $£2. Prob-
lem DBL is again a bilevel problem since to evaluate a suitable solution Q € I'
in the objective function F one needs to solve before the problem DLL(Q), to
have an expression of A(Q). Note that Q = (Gky.1y)ys -+ 5 ik, 1)) € I for all
0 = ((k1,1), ..., (kp,1p)) € I',i.e.,everysuitable solution of problem DBL codifies
a suitable solution of problem BL.

Itis easy to prove that problem DBL is NP-hard with a reduction from the p-median
problem, where p is the number of facilities to be located in our problem.

In the following, we suppose that there exists a suitable solution Q =(q1,...,.4qp) €

I for problem BL such that P/ N3$2 = @foralli € {1, ..., p}and P/ N P;.Jj = {for
alli, j e {1,..., p} withi # j. This ensures the existence of a grid G, fine enough,
for which problem DBL has at least one suitable solution: take a grid G in which the
point §; is the center of one of the cells in G, say ki, I;), foreachi € {1,..., p},and

G~ gforalli,j e {1..... p) withi # j:

then, Q = ((k1,11), ..., (ky,[,)) € T.

Next, we show our convergence results.

Let us consider a sequence of successively refined grids {G (n)},en satisfying that
G (1) is a grid for which problem DBL has at least one suitable solution. The sequence
of grids {G (n)},en is a sequence of successively refined grids if given a grid G (1)
and any of its cell (IE, f), there exists 7 € N with 2 > 7 such that (12, f) is the union of
a set of cells of the grid G (1) with strictly less width and height than (12, ) ). We add
an additional index »n to the notation introduced in the section to indicate the grid of
the sequence which is being considered in each case. For example, DLL(Q, n) is the
discretized lower level problem for a suitable solution Q € I'(n) when we consider
the grid G(n), n € N. Finally, we denote by « (n) the maximum length of the cell sides
in G(n),n € N.

In the following results, we assume that the functions IlpL(~, n), ..., I (., n), CFL
G,n),..., CEL(-, n), LPL(-, n) of problem DBL(n) are obtained from the functions
L), ..., 1,(),Ci(-), ..., Cp(-), L(-) of problem BL by linear interpolation over a
partition of the corresponding domains, in such a way that the larger the n, the finer
the partition. Moreover, we suppose that the partition is such that, for any ¢ > 0, there
exists 7 € N such that |Il(a)f) — IFL(a)f,n)| < ¢, for all a)f e Randalln € N
with n > 7. The same assumption is done for the remaining mentioned functions.

fine enough to guarantee Pl(k,-,l,-) nP

@ Springer



748 Journal of Optimization Theory and Applications (2019) 182:730-767

Note that this assumptions can be done due to the properties assumed for the functions
Ii,....1,,Cy,...,Cp, L.

Lemma3.1 Leti € {1, ..., p}. Forany ¢ > O, there exists n(¢) € N such that

‘Ci ( /A D(q)dq) e ( fA D(g)dg. n)
Ai(Q) Ai(Q.n)

forall Q = ((k1, 1), ..., (kp, 1)) € IT'(n), being QO = (G, 11)» - - - » Q(kp,lp)): and all
n € Nwithn > n(e).

<,

Proof First, take 7i € N such that |C; (wP) — CPX(wP, n)| < /2, forall P € [0, 1]
and all n € N with n > n. Since C; is continuous, it is uniformly continuous on
[0, 1], therefore, for ¢/2 there exists & > 0 such that, when |a)iD — c?)iD | < &, then
ICi(wP) — Ci(@P)| < /2, forall P, &P € [0, 1].

Foreachg; € R?andeachn € N,1etP; (i, n) = {qg € R? : ¢ € P for some g; €
Boo(gi, k(n))}. For all Q = (q1,...,q9,) € I' and all n € N, we define the set
A7(Q.n) ={q € 2 :q e (Ai(Q) forall §; € Boo(@i(Q.n), kMNP (gi,n),
being §;(Q,n) any point in A;(Q,n) and (A;(Q,n))% the set A;(Q,n) when

e
we apply to it the translation induced by the vector g;(Q,n)g; € R?, for any
Gi € Boo(qi(Q, n), k(n)). In the same way, we define &?(Q,n) ={qgef:qc
(A\,-(Q))‘?f for some §; € Boo(qi (Q, n), k(n))}. Note that the definition of the sets
above does not depend on the point g; (Q, n) chosen and induces two applications &l_
and &j‘ with domain on I x N.

Let 0 € I'. Note that A (Q,n) € A (Q,n 4+ 1) € A;(Q), and that
U;O=1 &.—(Q,n) = Z,-(Q) up to m-negligible sets. In the same way, ;fi(Q) -
K?(Q, n+1)C K;’(Q, n) and ﬂ,‘f:l Kf(Q, n) = ;\\,'(Q) up to m-negligible sets.
Then, reasoning in the same way that in the proof of Lemma 2.2, it can be shown
that, given & > 0, there exists 7 € N such that fZ,-(Q)\&?(Q,n) D(g)dg < & and
f@(g”)\&(@ D(gq)dg < & for all n € N with n > 7. Moreover, as the statement
above is true for all Q € I', there exists n € N such that fﬁi(Q)\&;(Q,n) D(q)dqg < &
and fK,-*(Q,n)\&(Q) D(g)dg < & forall Q € I' and all n € N withn > 7.

It is not difficult to see that A (Q,n) C A;(Q,n) € AF(Q,n), for all
Q0 = ((ki,l),....(kp,1p)) € I(n), being O = (g, 1) ---»qkp1,))> and
all n e N. Therefore, |[5 o) D@1dq — [3 om D(q)dq‘ < Eforall Q =
(ki,11), ..., (kp,1p)) € I(n), being Q = (qky.1y)s -+ -+ Gik,l,))s and all n € N
with n > 7.

The proof is completed taking n(e) = max{n, n}. O

Lemma3.2 Leti € {1,..., p}. Forany ¢ > 0, there exists n(¢) € N such that

: _ JPL
I ( /P - B(q)dq) I ( /P iy, B n)

<e,
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forall Q = ((k1,0), ..., (kp,1p)) € I'(n) and alln € N withn > n(e).

Proof The proof is similar to the one of Lemma 3.1 but using the set IP’;r (gi, n) defined
as above and the set P, (g;, n) = {q € R?:q € Piqi forall g; € Boo(qi, k(n))}. 0O

Lemma 3.3 Forany ¢ > 0, there exists n(¢) € N such that

PL
L (/Uﬂ P"(ki,li) D(Q)dq> - L (/ o ]P’(ki'[")(n) D(g)dq, n)

i=1"i i=1"i

<e,

forall Q = ((ky,1l), ..., (kp,1p)) € I'(n) and alln € N withn > n(e).

Proof The proof is similar to the one of Lemma 3.2 but using the sets Ule P (gi, n)
and UJ7_, P (qi, n). o

From these lemmas, one can obtain the final convergence result.

Theorem 3.1 Suppose that, for any suitable solution Q € I' of problem BL and for
any € > 0, there exists 0= (G1,..-.4p) € Boo(Q, €) NI such that Piqi NI =0

. ~,‘ é PR . . .
foralli € {1,...,p} andPl.q N Pj’ =@ foralli,je{l,...,p}withi # j. Then,
for any ¢ > 0, there exists n(e) € N such that:

L |FQ") — F(Q*.n)| <¢

2. |F(Q*) — F(Q)| <e.
foralln € N withn > n(e), being Q* an optimal suitable solution of problem BL,
0" = ((k{, 1D, ..., (k;, l;)) an optimal suitable solutions of problem DBL(n), and

0= (q(kTJT)’ ceey q(k;,lﬁ)) the suitable solution of problem BL codified by Q.

Proof From Lemmas 3.1, 3.2 and 3.3 is derived that there exists 7 € N such that
|[F(Q) —F(Q,n)| < ¢e/4, forall Q = ((k1,11),...,(kp,1p)) € I'(n), being Q =
(q(lil% ey Q(kﬂ,lp))v and all n € N with n > n.

Since F is continuous on [I” as it was been shown in the proof of Theorem 2.2,
there exists € > 0 such that, if O € By (Q*, €) N I, then | F(Q*) — F(Q)| < ¢/4.
Moreover, by hypothesis, there exists Q =(qG1,.--,4Gp) € Bo(Q*, €) NI such that
P N2 =¢foralli €{l,...,p}and P HP;.“ =@ foralli,je{l,..., p}with
i # j.Itis not difficult to see that there exists 2 € N for which g; € (k;, [;), for each
iefl,...,p}, forsome Q = ((k1,01), ..., (kp,1,)) € I'(1). Moreover, note that,
for all n € N with n > 7, there always exists Q = ((k1,11), ..., (kp,1,)) € I'(n)
such that g; € (k;, ;) foreachi € {1, ..., p}. Using the continuity of F on I" and
taking into account that {G (n)}, <N is a sequence of successively refined grids, it can

be proven that there exists 7 € N with iz > 7 such that ‘]—"(Q) — f(Q) < &/4, being

0= (q(];1 iy 4@, ip)) € I' the suitable solution of problem BL codified by the

suitable solution Q@ = ((k1,11), ..., (ky,1,)) € IT'(n) of problem DBL(n) verifying
Gi € (ki,I;) foreachi € {1, ..., p}, foralln > .
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Letn(e) = max{ii, i1}. Taken € Nwithn > n(¢)andlet Q = (q(,;1 i 4, i,,))

€ I' the suitable solution of problem BL codified by the suitable solution Q@ =
(Cky, 1), ..., (kp,15)) € I'(n) of problem DBL(n) verifying g; € (k;, [;) for each

~ 3
i € {l,..., p}. From the reasoning above, |F(Q*) — F(Q,n)| < Zg If Q* =
(G (k[*;, l;)) € I'(n) is the optimal suitable solution of problem DBL(n),
then |.7:(Q*, n) — ]-'(Q)| < &/4, being 0 = (Q(kf,l;‘)» R 6](k;;,l;;))~ Now, observe

that, if F(Q*, n) < F(Q%), then F(Q*, n) < F(Q*) < F(Q), which implies
|.7:(Q*) — F(Q*, n)| < ¢/4 < &. On the other hand, if 7(Q*) < F(Q*, n), then

F(Q*) < F(Q*,n) < F(Q,n), which implies |F(Q*) — F(Q*, n)| < %‘9 < e.

Finally, taking into account the above, it is not difficult to see that |}" (0% — F( Q) | <
E. O

The theorem above proves the convergence of the sequence of solutions for the
discrete approximation to the optimal objective value of problem BL.

4 Solution Approaches

Section 3 provides a methodology to solve problem BL by sequences of discrete
problems DBL that converge to the optimal objective value. However, solving each
one of those discrete approximations is an issue by itself, but, as we will see in the
following, we propose two methods to solve the problem DBL: one of them is exact
and it consists of a mixed-integer linear programming (MILP) model and the other
one is a GRASP heuristic (see [25]).

4.1 A Mathematical Programming Formulation

This section provides a valid MILP formulation for problem DBL for a fixed grid G.
In order to give a valid formulation for problem DBL, we need to determine the sets
and parameters that charge the model with the necessary information of the problem.
At this point we remark that the overall global computation time to get an optimal
solution of problem DBL is the computing time to obtain the input sets and parameters
of the model plus the computing time required to reach the optimal solution. Our goal
is to get a computational time as small as possible, so that we have to properly balance
both components. On the one hand, if we do not preprocess adequately the information
from the elements of the problem, then the model will have to work too much to obtain
that information and, as it is known, this is not desirable since MILP models can be
really hard to solve. On the other hand, if we want to fully preprocess the elements
of the problem to do the model to work less, we will have to do different operations
over the set of cells of §2. Since we are interesting in |§2| (number of cells of £2) to
be large (to better approximate problem BL by problem DBL), the time to obtain the
initial information sets and CPU memory consumption can increase dramatically.
We use the following sets and parameters to build our MILP model:
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— $2;: set of candidates for feasible location of dimensional facility P; in problem
DBL, i.c., the set of cells (k,[) € £2 such that Pl.q”“” C 2. This set is defined for
eachi € {1,..., p}.

- Eis: set of cells (k, /) in £2; verifying (r, s) € Plgk’l). We define this set for each
(r,s) e andi e{l,...,p}.
wﬁ: the demand density in the cell (r, s). This parameter is defined for each
(r s) € 2.

- w : the base installation cost density in the cell (r, s). This parameter is defined
for each (r,s) € £2.

Uyt U(Grs), Pq(k "), 1.e., the cost in problem DBL paid from any point in (r, s)
with respect to the dimensional facility P; when it is located at the center of the
cell (k,1). If (. 5) € P{*" we take ul_ ;; = —a; (the reason of this choice will
be easily understood when the model is presented). We define this parameter for
each (r,s) € £,i €{l,...,p}and (k,]) € £2;.

We now analyze the asymptotic computational complexity for obtaining these sets
and parameters assuming 2 has already been determined. For each i € {1,..., p},
suppose that O(f1(P;, §2)) is the asymptotic computational complexity bound for
testing if the dimensional facility P; satisfies Piqi C 2 for the location g; € R2. Then,
obtaining $2; can be done in O(|£2] f1(P;, §2)) (one check for each point g, 5) with

(r,s) € £2). Thus, the complexity to get all the sets {§21, ..., £2,} is bounded by
O(1L1 30, fi(P;, 2)).
Foreachl e {l,..., p},once £; is computed, take (k, [) € ;. Foreach (r,s) € £

check if it occurs that int((r, s)) N mt(qu(k Dy £ ¢ and let O(f>(P;)) be the time
required to do that test for the cell. If it occurs, add (k, /) to E ’, . and take u’rY = —ai.
Otherwise, compute u (g, 5, Pl.q”“”) and take ”is,kz = u(q(r.s), Pl.q(k'”).Let(’)(f3(Pi))
be the complexity for computing the cost u(q, Pqi ) for any ¢, qi € R?. Hence, the
asymptotic computational complex1ty of obtammg all the sets E’. and all the param-
eters urs 1 €an be bounded by (9(|SZ| Z {L2(P) + f3(P)]D) (|SZ | is at most |£2]).

As for the parameters u)”, to obtain all of them it is necessary to compute |£2|
integrals. The same can be said for parameters w2,

The above analysis shows that all the sets and parameters which we use to define
the MILP model can be obtained in a “reasonable” computation time. The space
requirements are also efficient and can be bounded above by Z 1 1921 < plL2],
21:1 Z(M)EQ |Ei | < p|®|?, there are || constants w?, the same number of
parameters w”, and the cardinality of u 5kl is at most p|£2|%.

Next, we describe the MILP model. Recall that any non-decreasing, bounded, con-
tinuous, piecewise linear function can be modeled with a MILP formulation, see,
for example, [30]. Below we represent by /T (w!), ..., I;’L(a)/')), CP (), ..., ChL
(a)g), LPL(wl) the linearization of the functions If™(w?), ..., IPL(a)/I)), CPL (),

., CEL (a)g), LPL (') in the objective function of a suitable MILP formulation, and
by SCDV P L the Set of Constraints and the Domain declaration of the decision Vari-
ables involved in the model that together makes the representation of the Piecewise
Linear functions to be correct.

rs?
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In order to understand the model, we define the following families of decision vari-
ables. Binary variable 9,@1 is a location variable: it takes the value 1 if the dimensional
facility P; is located at the center of the cell (k,/) € £2;, and 0 otherwise, for each
i € {1,..., p}. Binary variable 7/  is an allocation variable, and it takes the value
1 if customers in the cell (r, s) € 2 are served by the dimensional facility P;, and
0 otherwise, for each i € {1, ..., p}. Variable ¢, will assume the value of the cost
ug paid from the cell (r,s) € $2 when it is assigned to its dimensional facility in a
solution of problem DBL. We point out that the facility assigned to a cell must be the
one given by a solution of the corresponding discretized lower level problem. Variable
@rs Will be 0 if (r, s) is contained in a cell facility, for each (r, s) € £2.

Theorem 4.1 Problem DBL is equivalent to the following MILP problem:

min illﬁ Z Z wn9k] +ZCPL( Z w”r”) 9)

i=1 (r,s)e2 (k, l)eE’rS (r,s)ef2

+ LPL Z w,DS 1- Z rfs
(r,s)ef2 i=1

s.t. SCDVPL, (10)
> fu=1 vie{l,...,p}, (11)
(k,)ef;
Zfrs + Z Y ty=1 Y(r,s) € 2, (12)
i=1 (k. heEL,
Za]w,sr” + w”wrs <a w” + Z w,su” k,ekl, V(r,s) e 2,ief{l,..., 128
j=1 (k,)eR;
(13)
Do gy — M1 =)
(k,)ef;
S¢rs = Z uis,klelil +M(1 -1, Y(r,s)eR,iefl,..., o),
(k,1)e®;
(14)
O €10. 1) Vie (..ol kD e,
(15)
‘e {0, 1}, Yo, eR,ie{l,..., o},
(16)
#rs 20, Y(r,s) € 2, a7

where M = max{ul , : (r,s) € 2,i € {l,...,p}, (k,]) € 2;}.

Proof The domain of the decision variables is stated in (15)—(17).
Suppose that Q = ((k1,11), ..., (ky,l,)) € T is the suitable solution _of problem
DBL given by the formulation (9)—(17). Then, for eachi € {1, ..., p}, 9,; = 1 and
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0}, = 0 for all (k,1) € ; other than (k;, ;), so

Z Z wﬁ@,ﬁl = Z w5

(r$)€R (k,1)eEL, (r.5)ep i)

Moreover, if partition of £2(Q) in problem (9)—(17) is done according to A(Q) €
A, (Q), it follows that

2 : 2 : D
wrs rs - wrx’

(r,s)eR (r,s)€Ai(Q)

since rr"s will be 1 iff (r,s) € Ai‘(Q) for each (r,s) € 2. This last condition also
implies that, foreach (r, s) € 2,1}, = Oforalli € {1, ..., p}iff (r,s) € \2(Q) =

{P(lkl,ll) U---uU p(k o )} therefore

sz[l—gﬁs]: TR S S

(r.s)eR (rsyelr, <k A =1 )eP(k A

The objective function (9) of the problem (9)—(17) minimizes the same function as in

problem DBL, glventhatIPL e I}fL, CPL e C;’L, LPLand SCDV PLin(10)are
a correct representation, respectively, of 1 1P L, R | EL, C fL, e, CEL, LPL It remains
to see that the solution given by the formulation (9)—(17) is a suitable solution Q € I'
of problem DBL and that it provides an optimal partition A(Q) of £2(Q) in the
corresponding discretized lower level problem.

Constraints (11) state that the dimensional facility P; has to be set in one of the
cells of its set £2; of candidates for feasible location, for eachi € {1, ..., p}.

With constraints (12), several conditions are imposed. On the one hand, (12) implies

P, 7l <1, s0 the demand of the cell (r, s) € £ cannot be satisfied by more than
one dimensional facility. On the other hand, implication Y 7 _, ke Ei, 0, < 1of
(12) avoids intersections among the interiors of the cell facilities located according
to the variables 9,21. Suppose that the dimensional facilities P; and P; have been

located at the centers of the cells (k;,[;) € £; and (k;,l;) € £, respectively, so
i i . . . kil (kj,lj)
6, = land6l, = 1.ije(l,....phi# j.If P| P! )ﬂP 7 £ ¢, then

./)

there exists (r, s) € £2 such that (r, s) € Pfk" D and (r,s) € P /. , and therefore

(ki, ;) € Eis and (k;,lj) € Eiv This implies Zle Z(k‘l)EEim 9121 > 2 which
contradicts implication Zfz 1 Z(k’ DeEi, 9,@ < 1 of (12). Also, constraints (12) force
demand of cell (r, s) € £2 to be saﬁsﬁed by one dimensional facility if (r, s) does not
belong to any cell facility (}-F_, 7/, = 1and Y_7_, 2 (keE, 6}, = 0),and to belong
to a cell facility if its demand is not satisfied by any dimensional facility (Zl 1T =0

and Y 0_, D kDeE 6}, = 1). So, constraints (13)~(14) ensure the feasible location
of the dimensional facilities and makes a distinction between demand cells and cells
contained in the cell facilities.
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The correct allocation of demand cells to dimensional facilities according to the
corresponding discretized lower level problem is achieved with constraints (13) and

(14). Indeed, suppose that, for (7, 5) € £2, tf’é = 1forsomei € {1, ..., p}. Hence, by
constraints (12), 7,'~j~ Oforall j € {1,..., p} with j # i, and thus constraints (13)
state that a- w~~—|—w-~<p;g < a,w~~+2(k e wlul 6] foralli e {1 ..., p}.Note

rs skl

that, as Z(k ey 6, = 1by constraints (11), hence D ke 0] l =0 ;. = landwe

know (7, 5) ¢ P(k i) que to constraints (12), then Z(k He®; wl le

7S 7s kl Uss k,l,

q
u(qe. 5, Pl.q( " ’)), foreachi € {1, ..., p}. So, if ¢z; takes the value u(q ), P~ e l’))
constraints (13) impose that cell (7, §) is assigned to the dimensional facility that pro-

vides the smallest cost in the discretized lower level problem By the constraint of type
(k= ,17)
(14) for (7,5) and i = l Prs = Z(k I)EQ FsUFs, klelél - ufEkl =u(qG 3, P" )

as M(1 — r~-) = 0. When i # z, constraints of type (14) for (r, s) are not vio-

lated given that 3~ /0. ul le = ”ﬁkl < M and ¢,y = Ml;gyk;l; < M, for

7s,kl
M = max{urs’kl i(r,s) e R, je(l,...,ph (k] e 2}

Now, suppose that for (7, 5) € £2, ‘L’;ig =O0foralli € {1,...,p}. As r;i§ = 0 for
all i € {1,..., p}, by constraints (12), we know 9,@717 = 1foronei € {1,...,p}

and one (k;, ;) € K-, ie., (7, 5) € P(kf’l;) So, constraint of type (13) for (7, 5)

andi =i 1mposes P w2l 4 wh Frs = azw? + Z(k Deg: wlu . kl@,d But

7S TS

p D i D _ D
=14 wﬁrﬁ 0 and Z(k ,)EQ wﬁurs klek, wrsurs kil —w;:ds, according

to the definition of parameters u~~ Sk therefore, ¢;; has to be 0. Constraints of type

(13) for (7, 5) when i # i are satisfied trivially as Zp_l a]w;%tfs + w~-g0;; = 0.
In this case, constralnts (14) for (r,s) are not v1olated smce by constraints (11),

Z(k e uﬁ klekl = urY kil for some (k;, [;) € £2;, and uﬁ kil —M <0 =g <

u~~kl —i—MglventhatM—max{u”kl (r,s)e 2,je{l,...,p}, (k1) € 2;}.

Here, note that M = max{urs - (rs) e R,jefl,...,p}, (k1) € £;}is the
minimum value of M that makes the model (9)-(17) to be correct.

From the above discussion, constraints (13)—(14) force the minimum cost assign-
ment of cell (7, §) to adimensional facilityin { Py, ..., P,} foreachcell (7, §) € £ that
is not contained in any cell facility. Hence, the constrains imposed by the discretized
lower level problem, in the constrained optimization problem DBL, are satisfied for
any feasible solution of the problem (9)—-(17). So we conclude that problem (9)-(17)
is equivalent to problem DBL. O

4.2 Heuristic Method
As mentioned above, problem DBL is NP-hard, therefore one cannot expect to solve

large instances with the MILP formulation (9)—(17) which has 2p|$2| binary variables
defined in (15)—(16) plus the number of binary variables in (10) required to modeling
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the piecewise linear cost functions in (9). This makes the model difficult to solve,
especially when the considered number of cells |$2] is large to better approximate
problem BL. For this reason, we introduce an alternative heuristic algorithm to get
“good/reasonable” feasible solutions of problem DBL for larger size instances.

The algorithm proposed is a GRASP (see [26] for details) in which we can distin-
guish three modules. The first module GRASP_DIMFAC is actually the GRASP, which
uses the next two modules to build the final solution. From a location (g1, ..., g,) €
&) x .-+ x £, of the dimensional facilities Py, ..., P, (not necessarily feasible),
the second module WAVE_DIMFAC, which is a continuous wavefront algorithm,
generates a random feasible solution ((ky, /1), ..., (ky,l,)) € I' of problem DBL.
Recall that wavefront algorithms are a standard technique in computational geometry
to deal with continuous deformations of geometrical elements usually using breadth-
first search (see, for example, [31]). Finally, the third module GREEDY_DIMFAC is a
greedy algorithm, i.e., a local optimal search improvement at each step [32], that given
a feasible solution ((k1,11), ..., (ky,l,)) € I of problem DBL, locally searches for
another feasible solution improving the objective value of the first one.

In what follows, and for the sake of simplicity, we consider that §2, the sets
Py, ..., P, andthe grid G are fixed. This implies that all the elements that are derived
from them are also fixed.

4.2.1 GRASP Algorithm

Before describing the GRASP, we observe the following. Given a suitable solution
Q = ((ky, 1), ..., (kp,1,)) € T for problem DBL, computing its objective value
can be done easily. This is due to the fact that for each cell (r,s) € $2, we can
know if it is contained in a cell facility and in which, or if it is a demand cell. If
(r,s) is a demand cell we also know to which dimensional facility it is assigned:

the one with minimum assignment cost. In other words, P(lk"l‘), e P;k" ) and
A(Q) = (A1(Q), ..., A,(Q)) can be easily obtained processing sequentially all the
cells of £2. So, obtained the above sets, we can compute F ( Q).

The above is correct except for the case in which two or more dimensional facilities
provide equal minimum assignment cost for a cell (r, s) € $2. In that case, as we are
looking for a heuristic solution for problem DBL and we want to do this as fast as
possible, we assign the cell (r, s) to any of that dimensional facilities with minimum
assignment cost.

A formal pseudocode of our GRASP is given in Algorithm 1.

Our GRASP algorithm for problem DBL takes advantage of the fact that we have a
tool to generate and evaluate suitable solutions. Initially, in STEP 1, GRASP_DIMFAC
generates a list ¥ of Y random suitable solutions with procedure WAVE_DIMFAC
and improves them with procedure GREEDY_DIMFAC. These suitable solutions are
ordered in the list ¥ according with their objective values, being the best suitable
solution the first in the list.

The randomization part of the GRASP in STEP 2 tries to obtain new suitable
solutions from some already available solutions. It performs permutations among the
centroids of some dimensional facilities (o dimensional facilities, being @ a parame-
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Algorithm 1 GRASP algorithm for problem DBL

PROCEDURE GRASP_DIMFAC

STEP 1 Create a list ¥ of ¥ € N suitable solutions for problem DBL as follows. For
each j € {l,...,v}, randomly generate points g € £p,...,qp € £, and do ¥(j) =
GREEDY_DIMFAC(WAVE_DIMFAC(qy, ..., gp))- Then, order ¥ so that F(¥ (j)) < F(¥(j+1))
forany j € {1,...,¢ — 1}

STEP 2 Process ¥ visiting its elements from ¥ (1) to ¥ (y). For each ¥ (j) € ¥ do:

o If W(j) = (ky,11), ..., (kp,1p)), consider the p-tuple (g, 1), -> Q(k,,.lp)) and generate a
new p-tuple (g1, ..., Gp) randomly permuting exactly @ € {2, ..., ¥} of its elements.

o Obtain anew suitable solution Q doing @ = GREEDY_DIMFAC(WAVE_DIMFAC(qy, - ..., Gp)).

o If F(Q) < F(W(Y)), update ¥ doing ¥ () = Q and reorder the list.

o If this instruction has been visited a maximum number of times, go to RETURN.

oIf j + 1=1 + I, begin STEP 2 again.

Note: WAVE_DIMFAC(qy, ..., Gp) requires g; € &; foralli € {1,..., p} to work. In order
to apply the procedure WAVE_DIMFAC, if ¢; ¢ &; for some i € {1,..., p}, we replace g; by its
£1-projection in £2;.

RETURN ¥ (1) and F(¥ (1)).

END PROCEDURE

ter). Given a suitable solution in the list we obtain another one using WAVE_DIMFAC.
This suitable solution may not have the resulting permuted centroids since permuting
the positions of the dimensional facilities Pj, ..., P, in a suitable solution of problem
DBL may not provide another suitable solution, as the interior of the dimensional
facilities could intersect or they could not be contained in §2. Next, we improve that
suitable solution with GREEDY_DIMFAC. If the resulting suitable solution is better
than any in the list, we replace the worst suitable solution by the new one, reorder
the suitable solutions in the list, and continue the process with the following not yet
processed solution in the list. The process is repeated, starting the list by the beginning
again if it is necessary, a predefined number of times: termination criterion. The algo-
rithm returns the first element in ¥, i.e., the best suitable solution found for problem
DBL and its objective value.

4.2.2 Wavefront Algorithm

The main idea of the wavefront algorithm to generate random suitable solutions
for problem DBL is the following: since directly locating dimensional facilities
Py, ..., P,inthe demandregion in a valid way (i.e., in a way such that their interiors do
not intersect) could not be an easy task, we begin by locating in a valid way a shrunken
version of them, which is easier, and then we make these shrunken dimensional facil-
ities to grow. The wavefront is shown in Algorithm 2. If @;”' is the homothecy of
center g; and ratio A > 0 applied to the set Pl.q' , in the algorithm, we characterize the
location of the set f@iq" by its centroid ¢;, foreach i € {1, ..., p}. In addition, we use
the following notation in the algorithm: El(@f’i, ﬂ;’j ) is the minimum £;-distance

between a point in :@iq" and a point in ij ; kx and ky denote the maximum width
and the maximum height of a cell in £2, respectively.
The wavefront algorithm begins in STEP 1 with a shrunken version A @Z”

(determined by parameter A) of the sets P{“, e, P;f” . In STEP 2, if condition
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Algorithm 2 Wavefront algorithm to generate random suitable solutions for problem

DBL
PROCEDURE WAVE_DIMFAC(q1, ..., qp)

STEP 1 For eachi € {1,..., p}, let Wiq’ be the homothecy of center g; and ratio A € (0, 1) with
1/1 € N applied to the set Pl.qi.
STEP2If (2], ..., 2/} = (P]'..... P/}, go to STEP 6. Otherwise:
o Check ifZl(@iqi, ,@jj) > 3(kx +ky) foralli, j € {1,..., p} with i # j.
— If it is verified, for each i € {1, ..., p}, replace Qiq’ by the homothecy of center g; and
ratio A applied to it, and begin STEP 2 again.

— If it is not verified, go to STEP 3.
STEP 3 For each pair i, j € {1, ..., p} withi # j, let

e = i @2 <3+,
vii =13 l9iqjll2
0 otherwise.
STEP 4 Do:
Yo i
e Foreachi € {l,...,p}, if ¢; + ﬁm € @, translate 33;1’ replacing ¢g; for
j=1Yji

9 725 =! iﬁ .
1225 vjill2
. IfZ](,@?i, ,@?j) < 3(kx +«ky) forsomei, j € {1,..., p} withi # j, go to STEP 3.
o If this line has been revisited a number 7", € N of consecutive times without pass by a step
different from STEP 3 and STEP 4, go to STEP 5.
o If STEP 4 has been revisited a number 75 € N of consecutive times without pass by another

step, go to STEP 2. Otherwise, begin STEP 4 again.
STEP 5 For each i € {1,...,p — 1}, let T; be the set of indices in {i + 1, ..., p} such that

£1 (;@;1", f@jj) > 3(kx + Kky).
e Foreachi € {1,..., p — 1},if T; # ¥, compute the point g* that solves the problem

qi + >0 >0

max min £2(q,q;).
qe®@; jeT; /

e Foreachi € {1, ..., p —1},if T; # ¥, replace g; by a point randomly selected in By, (g*, e).
>e>0
Note: if By, (¢*, &) N @; = @, replace g; by the £1-projection of ¢* in &2;.
e Randomly permute the order of the dimensional facilities {1, ..., p}.
e Go to STEP 1.
STEP 6 Undo the possible permutations applied to the order of the dimensional facilities {1, ..., p}
done in STEP 5, i.e., order the indices {1, ..., p} of the dimensional facilities as in the input.
STEP 7 Foreach i € {1, ..., p}, determine the cell (k;, ;) € £ to which ¢; belongs to.
RETURN ((k1, 1), ..., (kp,lp)).
END PROCEDURE

Zl(@iqi, 3”;“) > 3(kx + ky) is satisfied for all i, j € {I,..., p} withi # j, we

can continue making to grow 27!, ..., 3”3" applying them a homothecy of ratio A.
The meaning of the condition above (onwards, the minimum ¢1-separation-condition)
is the following: the algorithm WAVE_DIMFAC is able to find a suitable solution for
problem BL from an initial location (g1, ..., q,) € &1 x --- x £, (not necessarily
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feasible) of the dimensional facilities Py, ..., P,; from this suitable solution of prob-
lem BL we will obtain a suitable solution of problem DBL moving each dimensional
facility from the location ¢; to the center of the cell of §2 to which g; belongs to (STEP 7
of the algorithm); however, this movement may lead to some cases where the interior of
the cell facilities intersect, producing a non-suitable location of the facilities in problem
DBL; itis easy to see that the minimum ¢ -separation-condition avoids this undesirable

situation in STEP 7. Since 1/A € N, itholds that {2]", ..., 25’} = (P[", ..., P}’}
after a finite number of homothecies of ratio A applied to sets 27", .. ., Qz” in STEP
2. If the minimum £ -separation-condition is not satisfied for some i, j € {1, ..., p}

with i # j in STEP 2, we have to separate the pairs of problematic shrunken dimen-
sional facilities.

The separation of the dimensional facilities 227", ..., @g” in STEP 3 and STEP
4 is done with the separator vectors T . The separator vector U_)l] gives the direction
that moves away the centroid ¢; of the dimensional facility @?" from the centroid g;
of the dimensional facility 9? " such that does not verify the minimum ¢ -separation-
condition with respect to @jq.j (if the minimum £ -separation-condition is verified then
;7 = 0). Thus, (Zle o/l Zle Ui71l2 can be used as a direction to separate P
from the other sets which are too close to it. Parameter ¢ controls the distance of the
separations. Separation steps are applied 72 € N times if all the pairs of dimensional
facilities satisfy the minimum £1-separation-condition in each iteration, otherwise, v
has to be updated and the separation process has to begin again. So, the separation
process ends when 77 iterations are done fixed v or when an overall number 77 € N
of iterations is reached.

If the maximum number of iterations is reached (the third line of STEP 4 has been
revisited a number 77 € N of consecutive times without pass by a step different
from STEP 3 and STEP 4), we have to relocate in STEP 5 the dimensional facilities
2N 9’;"’ which do not satisfy the minimum ¢ -separation-condition and begin
the growing process again (from STEP 1). The point ¢; is relocated maximizing
the minimum Euclidean distance from the centroid g; of the dimensional facility
P violating the minimum ¢ -separation-condition with respect to @?i : found the
solution ¢* of the problem maxyee, minjer, £2(q, ¢;), we relocate the point g; at
a point randomly selected in a neighborhood of ¢* (we use the ball B, (g™, €) as
that neighborhood). Actually, in STEP 5 of our algorithm, instead of solving a global
maximin problem, we solve a local maximin problem which needs a random point
to start, making the process more random. As relocation of points ¢g; done in STEP
5 depends on the order of the dimensional facilities, we then permute the order of
the dimensional facilities to get more randomness in the algorithm. That permutations
has to be undone (STEP 6) before to determine the suitable solution of dimensional
facilities Py, ..., P, found (STEP 7) and to return it.

4.2.3 Greedy Algorithm
Consider now that we are given a suitable solution Q € I' for problem DBL. The

greedy algorithm shown in Algorithm 3 performs a local search to improve the objec-
tive value given by the current suitable solution Q. Specifically, if (k;,[;) € £ is
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the cell in whose center is located the dimensional facility P;, the greedy algorithm
evaluates the objective function of problem DBL if we move P; to the centers of the
cells in a neighborhood of (k;, /;) (determined by parameters Ax, A; € N) keeping the
position of the remaining dimensional facilities, provided that the movement produces
a suitable solution. This is done foreachi € {1, ..., p}. Then, we relocate the dimen-
sional facilities whose movement to a neighbor cell provides the best improvement of
the objective value. This process is repeated until no improvement is obtained.

Algorithm 3 Greedy algorithm to improve a suitable solution of problem DBL

PROCEDURE GREEDY_DIMFAC(((k1, 1), ..., (kp,1p)))

STEP 1 For eachi € {1, ..., p}, compute the best improvement in the objective value of problem
DBL given by a suitable solution of the form ((ky,11), ..., (kj + jk.li + ji), ..., (kp,lp)), for any
Jk €{—Ak, ..., Ax}and j; e {—=A;, ..., A1}

e If noimprovement s achieved foralli € {1, ..., p},then ((k1,11), ..., (kp, p)) is the suitable
solution obtained by the algorithm. Go to RETURN.
e Otherwise, go to STEP 2.

STEP 2If i * is the index which provides the best improvement in the objective value of problem DBL
in STEP 1 among all the indices in {1, ..., p}, replace ((k1,11), ..., (kp,1p)) by ((k1.l1), ..., (kx +
Jislie + ) oo (kpy 1p)), being jif and j* the values of ji and jj that give the best improvement for
index i*. Go to STEP 1.

RETURN ((k1,11), ..., (kp,1p)).

END PROCEDURE

Note that Algorithm 3 is presented for a grid G where the neighbors of a cell
(r,s) € G are determined by the adjacent horizontal and vertical cells in G. This is
done for the sake of simplicity. However, it is easy to extend the Algorithm 3 to more
general grids if the neighborhood of a cell is well defined in the considered grid.

4.3 Computational Experiments

This section reports some computational experiments performed to show the useful-
ness of the proposed methodologies to solve problem BL. Our code is implemented in
MATLAB R2017A and it makes calls to the XPRESS solver version 8.0 to solve the
MILP programs. All experiments were run in a computer DellT5500 with a processor
Intel(R) Xeon(R) with a CPU X5690 at 3.75 GHz and 48 GB of RAM memory.

We have included several test examples. Some of them were already proposed in
[13] and some others are new. Including the new examples we want to compare the
diversity of the solutions when different service costs, distance measures, shapes of
the dimensional facilities, cost functions and densities are combined. In addition, we
also show how the solutions of the examples are affected when they are included in
the bilevel approach combining the different elements of the problem.

In all cases, we use regular grids to approximate the exact solution of the bilevel
problem BL. We always begin by solving the problem by means of our heuristic
algorithm (Algorithm 1) with the following parameters. Algorithm 1 runs with a list
of solutions of length ¥ = 50, @ = 2 centroids to be permuted and the stopping
criterion, in STEP 2, consists of processing the list without improvement. Algorithm 2
is executed with a homothecy ratio A = 0.05 (which results in applying the homothecy
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transformation, at least, 1/1 = 20 times), a separation parameter ¥ = 0.05 and
stopping separation criterion 77 = 9 and 7 = 3. Finally, Algorithm 3 is applied with
Ar = A; = 5. Once the heuristic solution is found, we next improve that solution
adding it as an initial feasible solutions to the exact MILP formulation and then we let
it run for 4 h (14,400 s) of CPU time. The performance of the GRASP heuristic and
the MILP formulation is reported in Table 1. This table shows, for both methods, the
time required for the preprocessing of the information (PT), the execution time once
the information has been preprocessed (ET), the best objective value found (BOVF)
and the gap obtained for the solution provided by the MILP formulation (GAP).

Example 4.1 Our first test illustrates how the approach in this paper applies to one
example borrowed from the literature [13]. First, we consider that the demand region
£2, the dimensional facilities Py, P>, P3 and all the elements of the lower level problem
are the ones given in Example 4.1 in [13]. In addition, we will assume that there also
exists an installation cost described by the base installation cost density B(g) =
6(x —y)if x > y and B(q) = 0 otherwise, and the installation cost functions
Ii(w]) = o] forall o] €0, 1].

To better illustrate the performance of our methodology, we distinguish two different
situations.

Example 4.1.1 The first situation includes non-uniform demand density D on §2, given
by D(g) = 8(x—0.5)ifx > 0.5and D(q) = 0 otherwise. In addition, we also consider
the following non-zero lost demand cost L(w’) = o’ for all * € [0, 1] and zero
congestion costs C; (a)l.c) = 0 for all a)lC € [0, 1], foreach i € {1, ..., 3}. Note that,
in this example, the problem does not explicitly depend on the partition of the demand
region.

Example 4.1.2 The second example considers uniform demand density D(g) = 1, as
in the original example in [13], it does not apply any lost demand cost (i.e., L(w’) = 0
for all w € [0, 1]) but it includes the following congestion costs: C; (a)l.c ) = a)iC if
of < @ /3 and Ci(wf) = o + 100(wf — &f /3) otherwise, for all o € [0, 1]
and each i € {1, ..., 3}, being (I)lc =1- fU?_] P D(g)dq. The inclusion of this
congestion cost term makes the problem to depend on the partition of the demand
region. The choice of this particular expression forces a fairly equal splitting of the

demand among the three facilities.

We have solved the location-allocation problems defined by these situations, and
the results can be seen in Fig. 4 and Table 1.

The graphical output of our algorithms reports the results that could have been
anticipated. In the Example 4.1.1 (Fig. 4a, b), since the base installation cost density
is null in the upper triangle and the demand is also null in the left half of the region £2,
the dimensional facilities tend to be located, as much as possible, in the upper triangle
and in the left half of the square region. However, their measure does not allow them
to be completely included in that region. This is the reason why two of them have a
portion on the higher installation cost (lower triangle) and higher lost demand (right
half square) parts of the diagram. The MILP formulation provides a solution (Fig. 4b)
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Fig.4 Graphical output of the solutions for Example 4.1

Table 1 GRASP heuristic and MILP formulation performance

Method GRASP heuristic MILP formulation

Example Grid PT (s) ET (s) BOVF PT (s) ET (s) BOVF GAP (%)
4.1.1 60 x 60 11,336 515 0.1109 469 3306 0.0995 0.00
4.12 60 x 60 11,496 350 0.6479 472 14,400 0.6479 8.89
4.2 20 x 20 52 101 1.4594 48 1209 1.4594 0.00
42 30 x 30 331 193 1.3236 249 14,400 1.3236 20.56
4.2 40 x 40 1422 364 1.3012 724 14,400 1.3012 22.26
4.2 50 x 50 5261 524 1.2451 1845 14,400 1.2451 22.80
4.2 60 x 60 14,333 721 1.2123 3817 14,400 1.2123 25.24
4.3.1 60 x 60 108,802 55,356 3.1889 4670 450 3.1889 0.00
432 60 x 60 110,915 25,303 2.1139 4824 14,400 2.1139 42.97

slightly better than the one obtained by the GRASP heuristic (Fig. 4a). The reader
should observe that the solution provided by the MILP formulation is optimal (it has
zero GAP) as it can be seen in Table 1.

The solution of the location-allocation problem of Example 4.1.2 is shown in Fig. 4c,
d. The result shown in these figures is consistent and it shows that the installation cost
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does not fully determine the final location of the dimensional facilities. This can be
explain because, a non-approximate equal splitting of the demand among the facilities,
is highly penalized by the installation cost functions I, I, I3. Even so, the solution
attempts to place the facilities in the upper triangle to also reduce the installation cost,
actually, the biggest facility is completely contained in the upper triangle. The solution
obtained by the MILP formulation (Fig. 4d) is the same that the one provided by the
GRASP heuristic (Fig. 4c). This means that, in this case, the MILP formulation is not
able to find a better solution than the GRASP heuristic within the CPU time limit.
However, the use of the MILP approach provides the GAP of the solution obtained
(see Table 1). Finally, in Fig. 4c, d, it seems that the demand region A5, assigned to the
second facility P,, has two connected components. This fact is not strange if one has
in mind the properties of bisectors for different distance measures, as it is our case,
see [3,33] for more details.

Example 4.2 This situation is included to illustrate the use of different service costs
in the model. We consider that the demand region 2 is the unit square and there
are three dimensional facilities. The first one, P, is a non-convex polygon with cost
based on the worst case situation given by u(g,q1) = 0.8 max ;. P! l(g — q).
The second facility, P, is a regular pentagon and its cost, is given by u>(q, g2) =
£>(g — q2), where ¢» is the centroid of P,. Finally, the last facility, P3, is the unit ball
of a weighted Euclidean norm, namely P3 := {(x, y) : /75x2 4+ 150y% < 1}; and
its cost u3(g, g3) = 0.2yp,(g — q3). This is the case where the cost is induced by a
Minkowski functional.

The remaining parameters of this example are the following: a; = a; = a3z = 1
and the demand density is uniform, namely D(qg) = 1. The congestion costs, C;
are: C;(w€) = w€ if o€ < 0.25 and C; (0€) = w¢ + R;wC if o€ > 0.25, where
R; = 8y = 0.5 and 83 = 0.25; and the lost demand cost is L(wk) = w*.

Finally, the base installation cost density is defined by the expression

2(x + y), ifx <0.5and y <0.5,
B(g) = 2x +1—y), ifx <05andy > 0.5,
P=120-x+y), ifx>05andy<05,

20 —=x+1—-y), ifx >05andy > 0.5.

This function accumulates the density in the center of the square since the bivariate
density function increases from the vertices of the unit square to its center. We take as
base installation costs I; (w!) = L(w!) = (o) = 507.

We solve this configuration for grids with different sizes to illustrate the convergence
of our discretization approach. We have chosen grids of 20 x 20 (see Fig. 5a, b), 30 x 30
(see Fig. 5c, d), 40 x 40 (see Fig. Se, f), 50 x 50 (see Fig. 5g, h) and 60 x 60 (see
Fig. 5i, j).

From our results we report that in all cases (i.e., for the different grid sizes) the exact
MILP approach could not improve the solution found by our heuristic algorithm. In
the 20 x 20 grid case the solution found is optimal, as certified by the MILP problem
(see Table 1). The configuration of the solutions found can be explained by the shapes
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Fig.5 Graphical output of the solutions for Example 4.2
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Fig.6 Graphical output of the solutions for Example 4.3

of the densities and costs functions. Since the base installation density is lower in the
vicinity of the vertices of £2 and the demand is uniform, the facilities try to locate the
closer to the vertices the better. Nevertheless, the congestion cost makes that one of
the facilities that is less congested, P3, moves closer to P; to cannibalize part of its
demand. The two connected components in the partition allocated to P in Fig. 5i, j can
be explained, as before, by the properties of bisectors with different norms. Finally,
one observes some stability in the solutions whenever the grids are denser.

Example 4.3 This situation is included to illustrate our methodology with a larger
number of facilities, 10, and also with different congestion costs associated to each of
them. We assume a cost u; (g, q;) = €2(q —q;),foralli =1, ..., 10. Once again, we
consider that the demand region 2 is the unit square and there are ten tetrominoes as
dimensional facilities. £2 is discretized in a 60 x 60 grid. Since, our tetrominoes have
small measure with respect to §2, this example considers that the installation and lost
demand costs are negligible and thus we take them as null.

We report two examples that depend on different demand density functions and in
both cases the congestion costs for the tetrominoes are the same. These congestion
costs are: C; (wc) = o€ if o€ < R; and C; (a)c) =R; + 100(wc —8)) if o€ > R;
where R = 1/30(5, 5,3,3,3,3,3,3, 1, 1).
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Example 4.3.1 In this case, we have chosen a uniform demand density D(g) = 1.

Example 4.3.2 This second case considers as demand density foreachg = (x, y) € £2,
D(q) =3(x —y)ifx > y,and D(g) = 3(y — x), if x < y. Observe that this density
is null on the diagonal of £2 and is maximal at the points (1, 0) and (0, 1).

As it can be seen in Fig. 6, the results provided by the two methods, in the two
cases (Examples 4.3.1 and 4.3.2), are consistent. As it occurs in Example 4.2, the
exact MILP approach could not improve the solution found by our GRASP algorithm
in both cases. Analyzing the results in each case, we observe that in Example 4.3.1
(Fig. 6a, b) the facilities are spread more or less “uniformly” on the unit square. This
is due to the considered uniform demand density. On the other hand, in Example 4.3.2
(Fig. 6¢, d) the facilities are mainly concentrated close to the points (1, 0) and (0, 1),
where the demand density is much higher. It is also interesting to remark the excellent
behavior of our MILP formulation in Example 4.3.1. We observe in Table 1 that,
given the structure of the problem defined in Example 4.3.1 (there is no installation
cost, no lost demand cost, and all the cells have the same demand density), the MILP
formulation is able to prove optimality [GAP (%) is zero] of the solution found by the
GRASP heuristic in a rather short computing time.

5 Conclusions

This paper gives a first complete proof of existence of optimal solutions of a general
location-allocation problem with dimensional facilities. This result includes as par-
ticular instances previously published results in the field with dimensionless facilities
(point facilities). It also provides two methods to solve this problem using sequences
of solutions for a discrete approximation of the problem. One is exact and it is based on
a new mixed-integer linear programming formulation and the other one is a GRASP
heuristic that results in very good solutions.

This paper has a number of possible extensions that may open some interesting
research lines. Among them, we would like to mention relaxing some conditions
ensuring existence of optimal solutions, as for instance the continuity of the utilities
in the objective function of the lower level problem, although this is beyond the scope
of this paper. In addition, these results can be extended to the case where the facili-
ties are allowed to be rotated: existence of solutions can be proved similarly but the
discretization scheme would need to consider also a finite number of rotation angles
which would make the algorithms more complicated. Moreover, although we have
restricted ourselves to consider problems on the plane most of our results extend to
any finite dimension space assuming that facilities are full dimension compact sets. In
that case, one can adapt the existence of solutions and convergence proofs, redefining
the grid to be a generic subdivision of the feasible domain. The discretization results
can be also adapted although at the price of increasing the complexity of the models
that then become exponential in the dimension of the space.
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