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ABSTRACT

Given a set S of sites and a set O of objects in a metric
space, the Optimal Location (OL) problem is about com-
puting a location in the space where introducing a new site
(e.g., a retail store) maximizes the number of the objects
(e.g., customers) that would choose the new site as their
“preferred” site among all sites. However, the existing solu-
tions for the optimal location problem assume that there is
only one criterion to determine the preferred site for each
object (i.e., the metric distance between objects and sites),
whereas with numerous real-world applications multiple cri-
teria are used as preference measures. In this paper, for the
first time we develop an efficient and exact solution for the
so-called Multi-Criteria Optimal Location (MCOL) problem
that can scale with large datasets. Toward that end, first
we formalize the MCOL problem as mazimal reverse skyline
query (MazRSKY'). Given a set of sites and a set of objects
in a d-dimensional space, MaxRSKY query returns a loca-
tion in the space where if a new site s is introduced, the
size of the (bichromatic) reverse skyline set of s is maximal.
To the best of our knowledge, this paper is the first to de-
fine and study MaxRSKY query. Accordingly, we propose a
baseline solution for identification of the optimal location.
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1. INTRODUCTION

The problem of “optimal location” is a common problem
with many applications in spatial decision support systems
and marketing tools. With this problem, given the sets S of
sites and O of objects in a metric space, one must compute
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the optimal location where introducing a new site maximizes
the number of the objects that would choose the new site
as their preferred site among all sites. For instance, a city
planner must solve an optimal location problem to answer
questions such as “where is the optimal location to open a
new public library such that the number of patrons in the
proximity of the new library (i.e., the patrons that would
perhaps prefer the new library as their nearest library among
all libraries) is maximized?”.

An important limitation of the existing solutions for the
optimal location problem is due to a common simplifying
assumption that there is only one criterion to determine the
preferred site for each object, i.e., the metric distance be-
tween objects and sites. In other words, the preferred site
for an object is always assumed to be the closest site to the
object. However, there are numerous real-world applications
with which one needs to consider multiple criteria (possibly
including the distance) to choose the most preferred site for
each object. The extension of the optimal location problem
which allows for using multiple criteria in selecting the pre-
ferred site for each object is termed Multi-Criteria Optimal
Location (or MCOL, for short).

For an instance of the MCOL problem, consider the fol-
lowing market analysis application. In order to decide on
the ideal specifications of its next product to be released,
a laptop manufacturer wants to identify the most preferred
/ desired combination of laptop specifications in the mar-
ket. For example, the current most preferred combination
of laptop specifications can be <5lb, 8GB, 2.3GHz, 14in>,
where the numbers stand for weight, memory capacity, CPU
speed, and display size of laptop, respectively. One can for-
mulate this problem as an MCOL problem, where each site
represents an existing laptop product in the market with
known specifications, and each object represents a buyer in
the market with known preferences on the specifications of
his/her desired laptop (the preferences of the buyers can
be obtained, for example, by collecting and compiling their
web search queries). In this case, laptop specifications (i.e.,
weight, memory capacity, CPU speed, and display size) are
the criteria that objects (buyers) use to determine their pre-
ferred site (laptop). Accordingly, by solving this MCOL
problem, the manufacturer can identify the specifications of
a new laptop product (i.e., the new site which is optimally
located) such that the number of potential buyers is max-
imized. Similarly, a cell phone company can identify the
features (e.g., the monthly voice service allowance in min-
utes, text service allowance in number of text messages, and
data service allowance in GB) of a new cell phone plan that



would attract the largest number of potential subscribers
with different usage statistics.

While the MCOL problem is previously studied in the
operations research community, the existing solutions for
this problem are not only approximate solutions without any
guaranteed error bound, but also more importantly, unscal-
able solutions that can merely apply to very small site and
object datasets (Section 2.1 reviews such solutions); hence
inapplicable to real-world applications. In this paper, for the
first time we focus on developing an efficient and exact solu-
tion for MCOL that can scale with large datasets containing
thousands of sites and objects.

Toward that end, first we formalize the MCOL problem as
mazimal reverse skyline query (MazRSKY'). Given a set of
sites and a set of objects in a d-dimensional space, MaxRSKY
query returns a location in the d-dimensional space where
if a new site s is introduced, the size of the (bichromatic)
reverse skyline set of s is maximal. To the best of our knowl-
edge, this paper is the first to define and study MaxRSKY
query. Second, we develop a baseline solution for MaxRSKY
which derives an answer for the query by 1) computing the
skyline set and the corresponding skyline region for every
object (the skyline region for an object is a region where if
a new site is introduced it will become a skyline site for the
object), and 2) for each subset of the set of skyline regions
computed for all objects, overlap all regions in the subset to
identify the maximum overlap region in the subset (i.e., the
region where the largest number of skyline regions intersect
in the subset). One can observe that among all maximum
overlap regions identified for all subsets of skyline regions,
the one with largest number of overlapping regions is where
if a new site is introduced, its reverse skyline set is maximal.
We call this region the maximal overlap region.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews the related work. Section 3 formally de-
fines the MCOL problem and formalizes this problem as
MaxRSKY query. In Section 4, we present a baseline solu-
tion. Finally, Section 5 concludes the paper and discusses
our directions for future research.

2. RELATED WORK

In this section, we review the related work under two main
categories. First, we discuss the previous work on the prob-
lem of optimal location. Thereafter, we present a review of
the skyline query processing literature.

2.1 Optimal Location

Among other variations of the optimal location problem,
the multi-criteria optimal location (MCOL) a.k.a. multi-
objective or multi-attribute optimal location, has been
widely studied by researchers in the operations research
(OR) community [9, 8, 13, 16, 5, 19]. However, given the
computational complexity of the MCOL problem most of the
existing solutions 1) resort to the use of heuristics that can
only approximate the optimal location without any guaran-
teed error bounds, and more importantly 2) fail to scale with
real datasets that often consist of thousands of sites and ob-
jects (rather than tens of sites and objects usually assumed
by the existing solutions).

Given similar scalability and accuracy issues with the ex-
isting solutions from the OR community for the general fam-
ily of optimal location problems, recently the database com-
munity has shown interest in developing efficient and exact

solutions for these problems. However, so far all proposed
solutions from this community have focused on the basic
(single-criterion) optimal location problem. In particular,
Wong et al. [21] and Du et al. [7] formalized the basic op-
timal location problem as maximal reverse nearest neighbor
(MaxRNN) query, and presented two scalable approaches to
solve the problem in p-norm space (assuming L2-norm and
L1-norm, respectively). Thereafter, Ghaemi et al. [10, 11,
12] and Xiao et al. [23] continued the previous studies and
proposed solutions for MaxRNN assuming network distance.
Finally, Zhou et al. [24] presented an efficient solution to
solve the extended MaxRkNN problem, which computes the
optimal location where introducing a new site maximizes the
number of objects that consider the new site as one of their
k nearest sites. To the best of our knowledge, we are the
first to tackle the MCOL problem toward developing an ef-
ficient and exact solution that can scale with large datasets
containing thousands of sites and objects.

2.2 Skyline Queries

Skyline queries were first theoretically studied as maxi-
mal vectors [15, 2, 1]. However, it was Borzsonyi et al. [3]
who first introduced the concept to the database community
and showed the need for scalable solutions to process sky-
line queries on large datasets. Since then, numerous efficient
algorithms have been proposed for processing static and dy-
namic skyline queries, such as BNL [3], D&C [3], Bitmap
[20], SFS [4], Index [20], NN [14], and BBS [18]. Moreover,
several variations of skyline queries have been proposed and
studied, among which the reverse skyline query is most rel-
evant to this paper. The reverse skyline of a query object ¢
returns the objects whose dynamic skyline contains q. Del-
lis et al. [6] first introduced reverse skyline queries in a
monochromatic context (involving a single dataset). Lian et
al. [17] extended the definition of reverse skyline to a bichro-
matic scenario, and proposed an algorithm for efficient com-
putation of reverse skyline on uncertain data. Later, Wu et
al. [22] further studied bichromatic reverse skyline queries
and proposed the most efficient query processing solution
known so far assuming certain datasets.

However, it is important to note that reverse skyline query
and maximal reverse skyline query (MaxRSKY) are two
orthogonal problems. While with our focus problem (i.e.,
MaxRSKY) we can leverage any efficient solution for reverse
skyline computation, as we show in Section 4 our main chal-
lenge is to identify a location which is on the reverse skyline
set of a mazimal number of objects.

3. PROBLEM DEFINITION

In this section, we first formally define the problem of
Multi-Criteria Optimal Location (MCOL). Then, we formal-
ize this problem as maximal reverse skyline query (MaxRSKY).

3.1 Multi-Criteria Optimal Location (MCOL)

Suppose we have a set S of sites s(s', 5%, ..., s*) where " is
the value of the i-th attribute for the site s, as well as a set
O of objects 0(o", 0%, ..., 0%) in the same d-dimensional space
where o indicates the preference of o on the i-th attribute.
For example, considering our laptop market analysis exam-
ple from Section 1, each laptop is a site with four attributes,
namely, weight, memory capacity, CPU speed, and display
size. Similarly, each potential buyer is represented by an
object with four preferences corresponding to the four afore-
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Figure 1: Example site and object datasets in 2-
dimensional space

mentioned attributes. Figure 1 illustrates six sites/laptops
s1 to sg each characterized by two attributes, weight and
memory capacity (for simplicity of presentation, hereafter
we consider a 2-dimensional space without loss of general-
ity). In the same figure, three objects/buyers o1 to os are
shown by indicating their preferences on weight and memory
capacity of laptops in the same 2-dimensional space.
Accordingly, we define the MCOL problem as follows.
Given a set S of sites with d attributes and a set O of objects
with d preferences corresponding to the same attributes,
the multi-criteria optimal location problem seeks a loca-
tion/region (or set of locations/regions) in the d-dimensional
space such that introducing a new site in this location max-
imizes the number of objects that each considers the new
site among its set of “preferred” sites. Intuitively, a site s
is a preferred site for object o if given the preferences of o,
there is no other site s’ in S that is more “preferred” by o
as compared to s; in other words, intuitively for an object
0 we say a site s is more preferred as compared to a site s’
if considering its preferences collectively, o has no reason to
choose s’ over s. For example, in Figure 1 the set of pre-
ferred sites for the object o1 is {s2, s3}; note that while for
0, s2 and s3 are not preferred over each other, they both are
preferred as compared to all other sites s1, s4, s5, and s¢.

3.2 Maximal Reverse Skyline (MaxRSKY)

In this section, for the sake of self-containment we first
review the formal definitions of dynamic skyline query and
bichromatic reverse skyline query. Thereafter, we define
maximal reverse skyline (MaxRSKY) query, which is equiv-
alent to and formalizes the MCOL problem.

DEFINITION 1 (DYNAMIC SKYLINE QUERY): Given
a set S of sites with d attributes and a query object o in the
same d-dimensional space, the dynamic skyline query with
respect to o, termed DSL (o), returns all sites in S that are
not “dominated” by other sites with respect to o. We say a
site s1 € S dominates a site so € S with respect to o iff 1)
forall 1 <i<d, |si —q'| < [|sh — qi|, and 2) there ezists
at least one j (1 < j < d) such that |sJ1 —qj| < |s% —qj| O

For example, as shown in Figure 2, the skyline set for the
object o1 is DSL(o1) = {s2,ss}. Note that sy and s are
proxies of the sites so and s¢ transformed to the first quarter
with respect to the reference point o1, respectively.

DEFINITION 2 (BICHROMATIC REVERSE SKYLINE
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Figure 2: SSR region for object o;

QUERY): Let S and O be the sets of sites and objects in
a d-dimensional space, respectively. Given a query site s €
S, the bichromatic reverse skyline query with respect to s
returns all objects o € O such that s is in the dynamic skyline
set of o, i.e., s € DSL(0) O

For instance, in Figure 1 the reverse skyline set of sy is
{01}, because DSL(o1) = {s2,s3}, DSL(02) = {s1, 54,55},
DSL(03) = {se}, and therefore, sz only belongs to DSL(o1).

DEFINITION 3 (MAXIMAL REVERSE SKYLINE
QUERY (MaxRSKY)): Let S and O be the sets of sites
and objects in a d-dimensional space, respectively. The
MazRSKY query returns a location in this d-dimensional
space where if a new site s is introduced, the size of the
(bichromatic) reverse skyline set of s is mazimal O

It is easy to observe that MaxRSKY query and MCOL prob-
lem are equivalent, because maximizing the reverse skyline
set of the newly introduced site s equivalently maximizes
the number of objects whose sets of preferred sites include
s.

4. BASELINE SOLUTION

Central to the solution for maximizing the reverse sky-
line is the concept of Skyline Search Region (SSR) [6]. The
skyline search region for object o(or SSR (0)) is part of the
data space containing points that can dominate at least one
of the skyline sites of the object o. For instance, consid-
ering the running example in Figure 2 with skyline points
{s2, s3} for object o1, the skyline search region SSR(o01) is
the shaded area bounded by the skyline points and the two
axes. Note that SSR does not include the skyline points
themselves since a skyline point does not dominate itself.

LEMMA 1. (see [6] for proof) For a given object point o,
let DSL(0) be the set of dynamic skyline sites for o. Let q
be a query point. If g € SSR(0), then o is in reverse skyline
of q.

Accordingly, we propose our two-step baseline solution for
maximal reverse skyline query as follows:

1. Compute the dynamic skyline set DSL(0) € S of sites
for each object o € O. Subsequently, construct the
corresponding SSR for each object o € O. This step
produces |O| regions.

2. Intersect the SSRs generated at the previous step to
compute the maximal reverse skyline region. Given



|O| SSRs, this step involves computing the overlap re-
gion for each of the 2/°! combinations of SSR regions.
Among the computed overlap regions for all combina-
tions of SSRs, the overlap region(s) that involves the
maximum number of SSRs constitute the maximal re-
verse skyline region.

However, while correct, the proposed baseline approach
suffers from two corresponding computational complexities
that render its use impractical given the often large sizes of
the site and object datasets:

S.

1. Given the computational complexity of computing sky-
line query on the one hand, and the large size of the
object and site datasets on the other hand, computing
SSR for all objects is costly.

2. Computing the overlap region for all combinations of
SSRs is exponentially time complex.

CONCLUSIONS

In this study, for the first time we proposed a solution for
the problem of maximal reverse skyline query computation.
Accordingly, we proposed a baseline solution for computa-
tion of MaxRSKY.

One can observe that among the computational complex-
ities associated with the baseline solution, computing the
overlap region for all combinations of SSRs is the dominat-
ing complexity. Therefore, in the future, we focus on reduc-
ing the computational complexity of the second step of the
baseline solution, i.e., overlap computation, by leveraging
index-based pruning mechanisms.
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