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ABSTRACT
With proliferation of geo-positioning and geo-tagging, spa-
tial keyword query has been an attractive and challenging
topic that blooms various interesting applications in spatial
databases. However, spatial keyword queries in those fields
do not always satisfy users’ requirements. One reason for
those queries contain fuzzy linguistic labels that often em-
body users’ preference, e.g., finding hotels near Zhongguan-
cun with moderate price. In this paper, we de Preference-
based Top-k Spatial Keyword(PTkSK) query for coping with
fuzzy labels. Existing works only consider on spatial loca-
tions, textual descriptions and overlook users’ preference. In
order to answer PTkSK queries efficiently, we propose a hy-
brid index structure called AIR-tree(Attribute-Inverted FiFile
R-tree), which combines location proximity with preference
similarity and textual relevance. Given a query with fuzzy
labels, we propose an efficient strategy of computing users’
preference to transform these labels into the [0,1] interval,
and design two effective search methods to find relevant ob-
jects for satisfying users’ requirements. Our experiments
on synthetic and real datasets demonstrate that our proposed
methods are scalable and efficient.
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INTRODUCTION
With the rapid development of mobile Internet and the pro-
liferation of geo-positioning like GPS and Wi-Fi, accurate
user location is increasing available. Likewise, the numbers
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of spatial web objects are increasing and available that are
being associated with geographic location-specific informa-
tion and descriptive text documents, such as documents de-
scribing restaurants, accommodations, and entertainments at
certain regions. This development gives prevalence to spa-
tial keyword queries [1][2][3][4], especially, top-k spatial
queries [1][2]. Such a typical query taking a location and
a set of keywords as parameters will retrieve a single spatial
web object that completely match the keywords. Actually,
users usually prefer to submitting spatial keyword queries
containing fuzzy terms such as low, moderate price, com-
fortable environment, and near Bird Nest in daily life.

To the best of our knowledge, most existing works on spa-
tial keyword queries that solely regard all labels as equal and
seldom focus on how to process the fuzzy labels, and even
ignore users’ preference in a query. However, this type of
queries often contain fuzzy labels (e.g.,moderate, high) that
can express users’ preference and intention in a way[5]. In
reality, for many scenarios, spatial keyword search for re-
trieving fuzzy matching is more interesting and coincides
with users’ daily customs. For example, a tourist giving a
spatial keyword query (e.g., top-k spatial keyword query)
wants to find some hotels near zhongguancun with moder-
ate price, while the answering results maybe are irrelevant
to his query preference and intention. To help the tourist
find the satisfying top-k hotels, we should treat moderate as
a constraint on the focal keyword hotel instead of an inde-
pendent keyword. In other words, the fuzzy label moderate
plays the role of a constraint on the spatial keyword queries.
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o5 0.30.30.1t1,t4

o4 0.80.70.5t3

o3 0.60.60.2t2,t3

o2 0.60.50.3t1,t3

o1 0.20.80.9t1,t2

o6 0.40.40.8t3,t4

o8 0.20.70.7t2

o7 0.50.50.2t1,t2,t3

a1:price,a2:serivct quatity,a3:popularity

(b) description of objects in
Figure1(a)

Figure 1. Example of PkSK query

In this paper we show how to support spatial keyword queries
with fuzzy labels on spatial object datasets. We propose a
new kind of query, called preference-based top-k spatial key-
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word (PTkSK) queries, which return top-k nearest neighbor
objects satisfying users’ preference and needs. In the exam-
ple of Figure1, a dataset containing the distribution of differ-
ent restaurants is showed in Figure1(a). Figure1(b) depicts
the textual and attribute information of restaurants. With-
out loss of generality, we assume that the weights of object
attributes are normalized in the interval [0,1] by using map-
ping functions. A user submits a query Q that aims to find
low price and good service quality restaurant near Zhong-
guancun. The objects o3, o4, o6, o8 marked with gray shade
in Figure1(b) match the keywords of query Q. If we do not
consider the user’s preference, the existing spatial keyword
search techniques can rank o6 as top-1 result since the ob-
ject is relevant and closest to Q. However, o4 is more attrac-
tive than o6 since this object not only satisfies users’ pref-
erence but also is close to the query location. However, the
current works cannot give an efficient support for PTkSK
queries. In order to process the PTkSK queries efficiently,
we firstly quantize fuzzy labels by a transforming strategy
into the interval [0,1]. And then we propose two efficient
searching methods, MFA that is a threshold-based algorithm,
and ATRA that is an AIR-tree-based algorithm, to find the
objects for meeting users’ requirements. The contributions
of this work are summarized as follows.

• We propose a new type of preference-based top-k spatial
keyword (PTkSK) queries, which find the top-k spatial ob-
jects ranked by the aggregate score function. The aggregate
score function is a linear combination of location proximity,
preference similarity and text relevance.

• We propose an efficient transforming strategy that quan-
tizes fuzzy labels into the interval [0,1], and develop a map-
ping function for projecting each attribute of objects into the
[0,1] interval.

• Two query processing algorithms are presented to answer
PTkSK queries. MFA algorithm employs threshold algo-
rithm to retrieve top-k objects. To reduce computation over-
head, we propose ATRA algorithm that is based on an ef-
fective hybrid indexing structure called AIR-tree(Attribute
Inverted file R-tree) for query processing. While AIR-tree
extends the R-tree to summarize textual information and at-
tribute vector.

•We conduct extensive experiment to evaluate the scalabil-
ity and efficiency of our algorithms using synthetic data sets
and real-world data sets.

The rest of the paper is organized as follows. Section 2 sum-
marizes related work. Section 3 formally defines problems
and concepts. Second 4 introduces the preference compu-
tation, In Section 5, we present our proposed hybrid index
structure, and Section 6 presents two PTkSK queries algo-
rithms. Finally, Section 7 concludes the paper.

RELATED WORK
Spatial keyword queries have received major attention in the
recent literature. Various queries on spatial database are
studied [1][2][3][4][5][9]. Hariharan et al. [1] was an early

attempt to solve a type of spatial keyword query with range
constrains. The objects returned are required to interest with
the query MBR and contained all the query keywords. It
exploits KR*-tree that extends R*-tree with inverted file by
augmenting each node of R-tree with the list of all the key-
words appearing in the objects of that sub-tree. A simi-
lar query is presented in [2], which utilizes a hybrid index
namely IR2-tree of R-tree and signature files for query pro-
cessing. m-closest keyword (mCk) query [5] aims to return
m tuple that cover minimum diameter and match all query
keyword. It exploits bR*-tree index which combines R*-tree
and bitmap. Besides, each node is augmented keyword MBR
to set up more powerful pruning rules. Approximate string
match queries [9] in spatial database deal with the issue of
simply spelling error or the string containing some errors.
Cong et.al [3] propose a location-aware top-k text retrieval
(LkT) query that employ IR-tree to retrieve the objects both
spatial proximity and textual relevance. IR-tree also com-
bines inverted files and R-tree. Each non-leaf nodes are aug-
mented with an inverted file with an inverted file for the ob-
jects contained in the sub-tree rooted at the node. Different
above hybrid index, this index structure makes the process
of search and object ranking simultaneously, which aids to
early stop query processing when top-k objects are returned.
In our work, we design a hybrid index AIR-tree that extend
IR-tree with object attribute vector.

Another area related to our work is feature-based spatial ob-
jects queries. Xia et.al [13] address the problem of finding
top-k spatial sites based on their influence on feature points,
where the influence of spatial site o is defined as the sum of
the score of all feature point having o as their closest neigh-
bor. The optimal location queries related to [13] are studied
in [14][15]. The aim of [14] is to find the location with the
maximal influence whereas [15] retrieves the location that
minimizes the average distance between each feature pint to
its nearest site. Different from [13], the optimal location re-
turned by [14][15] can be any point in the data space while
not necessarily an object of the dataset. In addition, Yiu
et.al [16][17] propose top-k spatial preference queries that
computing the score of a spatial object based on feature ob-
jects in its spatial neighbor from multiple feature datasets.
Our PTkSK query differs from the aforementioned queries.
First, we treat fuzzy term contained in query as users’ prefer-
ence instead of common keywords. Second, Fuzzy terms are
quantized and mapped into non-spatial attribute of objects so
that our query take into account both spatial-text relevance
and preference similarity. Therefore, the returned top-k ob-
jects are more in line with reflects user’s intention.

PRELIMINARIES
In this section, we define the problem of PTkSK queries and
introduce the basic notation that will be used in the rest of
this paper. Furthermore, an efficient transforming strategy is
presented to quantizes the fuzzy labels in PTkSK query.

Problem Statement
Table 1 shows a list of notations used throughout this paper.
Following standard notation, we use capital letters for sets
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(e.g. D is a set of spatial objects), and lowercase letters for
vectors (e.g. t is a term vector).

Table 1. A list of notations
Notation Description
D Spatial object dataset
Q The PTkSk query
o An spatial object
p Spatial location
t Term vector
f Attribute feature vector
k The number of query results
R The set of returned objects
w(xi) The weight of attribute ai

aS core(·) Aggregate ranking function for results
Map f (t j) Mapping function for quantizing fuzzy term t j

Let D be a spatial object dataset. Each object in D is pre-
sented as a triple o=(o.p, o.f, o.t), where o.p denotes the spa-
tial location information, o.f is the vector of non-spatial fea-
ture attribute, and o.t denotes the associated textual descrip-
tor that is treated as a bag of weighted words using vector
space model. o.f is represented by a vector in which each di-
mension corresponds to the value of non-spatial attribute x i

(1<i<n, 0<w(xi)<1). We assume that each attribute dimen-
sion represents a numerical scoring attribute and therefore,
xi is non-negative numerical value that evaluates feature of
spatial objects. With loss of generality, we assume that larger
score are preferable.

A preference-based top-k spatial keyword (PTkSK) queries
consist of three parts Q(p, f, t), where Q.p is a location de-
scriptor; Q.t denotes a set of keywords; Q.f is a fuzzy label
like low price, good service, which represents a constraint
on Q.t and provides a better expression of users’ preference.
The PTkSK queries will retrieve top-k spatial objects that
are ranked by the combination of their location proximity,
text relevance and preference similarity. Therefore, it is es-
sential for retrieving top-k spatial objects to define an appro-
priate aggregate ranking function. In this work, we firstly
utilize Jaccard metric as a similarity measurement to mea-
sure the textual relevance (denoted as RelT(Q.t,o.t)) between
Q.t and o.t, as shown in formula (1).

RelT(Q.t, o.t) =

∑n
i=1 xi × yi∑n

i=1 x2
i +
∑n

i=1 y2
i −
∑n

i=1 xi × yi
(1)

where Q.t=<x1,...,xn> denotes a query vector consisting of
spatial keywords, o.t=<y1,...,yn> is a document vector of ob-
ject o.

However, we note that users submitting queries often contain
their preferences that are expressed through a set of fuzzy la-
bels such as low, moderate, high, etc. It is infeasible to com-
pute preference similarity by directly using labels. To calcu-
late similarity conveniently, we utilize a transforming strat-
egy to project those fuzzy labels into the interval [0,1]. After
transforming those labels, we exploit Cosine metric func-
tion that is used widely in similarity computation to measure

users’ preferences (denoted as Ps(Q.f, o.f )), as shown in for-
mula (2).

Ps(Q.f, o.f) = cos(Q.f, o.f) =

∑n
i=1 ci · bi√

(
∑n

i=1 c2
i ·
∑n

i=1 b2
i )

(2)

where Q.f=<c1,...,cn> registers a vector consisting of fuzzy
labels in Q quantized by transforming strategy, o.f=<b 1,...,bn>
is a vector consisting of non-spatial feature attributes quan-
tized in spatial databases. bi is the mapping values of at-
tribute xi in the attribute vector o.f of objects.

While, in query Q, users’ preference is a type of constraint
for keywords, for example, moderate price hotel. We utilize
T P(Q, o) to measure the users’ preference similarity and tex-
tual relevance, which can be any combination of RelT(Q.t,o.t))
and Ps(Q.f, o.f ).

T P(Q, o) = RelT(Q.t, o.t)
⊗

Ps(Q.f, o.f)

Operator ⊗ is used to represent any arbitrary combination
function that respects the fact that T P(Q, o) is monotonically
increasing with RelT(Q.t,o.t) and Ps(Q.f, o.f ). For simplic-
ity, throughout our discussion we use the linear combina-
tion to represent the relationship between RelT(Q.t,o.t) and
Ps(Q.f, o.f ).

T P(Q, o) = αRelT(Q.t, o.t) + (1 − α)Ps(Q.f, o.f) (3)

where α ∈ (0,1) is used to balance the RelT(Q.t,o.t) and
Ps(Q.f, o.f ).

Formula(3) mainly focuses on textual relevance of spatial
objects and users’ preference of query, while each object is
associated with location information. In order to evaluate the
overall score (denoted as aS core(·)) of the query result, we
propose a linear function that can be employed to combine
the T P(Q, o) and location proximity. Again, the combina-
tion function can be regarded as an overall aggregate func-
tion for ranking the query result. And thus the overall score
can be defined as the following formula.

aS core(Q, o) = β
RelD(Q, o)

MaxDis
+ (1 − β)(1 − T P(Q, o)) (4)

where β ∈ (0,1) is a tuning parameter for adjusting the por-
tion of spatial location proximity RelD(·) and T P(Q, o); Eu-
clidian distance RelD(Q, o) between query Q and object o is
normalized to a value between 0 and 1 by a constant MaxDis,
which denotes the maximum distance of paris of distinct ob-
jects in D.

We can see that formula(4) indicates the smaller aggregate
score is obtained, the better result for the PTkSK query. For-
mally, we define the preference-based top-k spatial keyword
(PTkSK) queries as follows:
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Definition 1. (PTkSK queries). Given a query Q and a
positive integer k, a PTkSK query is to retrieve top-k spatial
objects R from D such that |R|=k and ∀o1, o2, o1∈R, o2∈ D-R
that hold aSorce(o1)≤ aSorce(o2).

Preference Computation
From the view of spatial keyword queries, top-k spatial queries
return a ranked set of the k best spatial objects. Despite the
wide range of location-based applications that rely on top-
k spatial queries, the result returned do not always satisfy
users’ needs. One reason for those queries contain fuzzy lin-
guistic labels(e.g., low, moderate) that often embody users’
preferences, while, Fuzzy linguistic labels used in our natu-
ral language to describe some concepts(e.g.,price) that usu-
ally have vague values. In our method each numerical value
xi in A is transformed in a fuzzy set of linguistic labels using
mapping function, where A denotes an attribute of object.
Note that different attributes can be projected using different
mapping functions in terms of the nature of the attribute.

Definition 2. (Mapping Function). Let X be a universe
set of elements. F is called a fuzzy (sub)set of X, if F is a set
of ordered pairs: F={(xi,Map fF(xi)), xi ∈ X,Map fF (xi) ∈
[0, 1]}, where Map fF (·) is defined a mapping function that
takes the values of xi in the interval [0,1].

The linguistic fuzzy labels given by the users are just ap-
proximate ones, we consider that linear trapezoidal mapping
functions are good enough to capture the vagueness of those
fuzzy labels, since it may be unnecessary to obtain more ac-
curate values. The trapezoidal mapping function can be de-
fined as the following that is a 4-tuple (lj,ml j,mrj, r j).

Map fF (xi) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

1 − mlj−xi

l j
, i f ml j − l j ≤ xi ≤ ml j

1, i f ml j ≤ xi ≤ mrj

1 − xi−mr j

r j
, i f mr j < xi ≤ mrj + r j

0 otherwise

where ml j ≤ mrj, l j > 0 and r j > 0 denote the distance of
the support of a function to the left and right of ml j and mr j,
ml j and mr j indicate the interval in which hte mapping value
is 1.
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Figure 2. Mapping functions for fuzzy terms:low,medium,high

{low, medium, high} introduced in[19] are three categories of
linguistic labels that can cover most of these used in natural
language, that is, we can discretize most attributes of objects
into the three categories. In this paper, the domain of each at-
tribute of spatial objects is homogeneously divided into three

linguistic labels {low, medium, high} interpreted as mapping
functions with trapezoidal shape, as shown in Figure 2. After
the fuzzification process, each attribute xi of objects is rep-
resented by the {Map flow(xi),Map fmedium(xi),Map fhigh(xi)},
and the vector <o. f (x1), o. f (x2), ..., o. f (xn)> will be repre-
sented as <b1, b2, ..., bn> where bi = Map fF (xi), bi ∈ [0, 1].

Q.f(ft1,ft2, ,ftm)
Quantiz

ation 
Process

o.f(x1,x2,…,xn)
Fuzzy 

process

(c1
c2
…
cn)

(b1
b2
…
bn)

Preference 
similarity 
measure

Ps(Q,o)

Figure 3. The process of preference computation

Due to fuzzy linguistic labels existing in spatial keyword
queries, for example moderate price hotel, if we directly uti-
lize crisp values (e.g., 1 or 0) to present the linguistic la-
bels, the results returned seldom satisfy users’ preferences
in some applications. In this work, fuzzy set theory sug-
gested that PTkSK queries contain linguistic labels that are
represented as fuzzy variables. Therefore, we have to trans-
form those linguistic labels into numerical value as vectors
for calculating the users’ preference Ps(Q, o). To process the
fuzzy linguistic labels with spatial keyword queries, in this
paper we exploit a quantization strategy, called linguistic 2-
tuple(ti, ci) model that has been presented in[20], to repre-
sent the linguistic labels information, where t i is a linguistic
label(e.g. moderate) and ci is a numeric value in the [0,1]
interval.

Definition 3. (Quantization Process). Let S = {l1, ..., lk}
and S T = {s1, ..., sg} be two linguistic labels sets, such that
g ≥ k, where li denotes the linguistic labels given by users,
si denotes the predefined linguistic labels. Quantization pro-
cess including two steps T (S → S T ) and 2T (S T → (li, ci))
are defined as:

T (·) : S → S T

T (li) = {(sk, rk), k ∈ {0, ..., g}}
rk = max min{Map fli ,Map frk }

2T (·) : S T
2−tuplemodel−−−−−−−−−→ (li, ci)

Figure 3 shows the process of preference computation. Once
the two vectors <c1, ..., cn> and <b1, ..., bn>, are given, we
can adopt the formula (2) to calculate the users’ preference
Ps(Q. f , o. f ).

AN EFFICIENT HYBRID INDEXING
In this section, we present an efficient hybrid index structure,
called AIR-tree (Attribute Inverted file R-tree [7]), which is
based on the IR-tee [2]. AIR-tree clusters spatially close
objects together, and carries textual information and attribute
vectors in one node. The attribute vectors are used in users’
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preference similarity computing. The AIR-tree therefore can
improve searching efficiency of PTkSK queries.
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Figure 4. The AIR-tree of Figure 1

Table 2. Content of Inverted Files of Leaf nodes in AIR-tree
Node N1 N2 N3 N4
Inverted t1 : o1, o2 t1 : o5 t1 : o7
File t2 : o1 t2 : o3 t3 : o5 t2 : o7, o8

t3 : o2 t3 : o3, o4 t4 : o5, o6 t3 : o8
Att vector
(a1, a2, a3) 0.3,0.8,0.6 0.2,0.7,0.8 0.1,0.4,0.4 0.2,0.7,0.5

In the AIR-tree , a leaf node includes some entries of the
form (Optr, Loc, Odi, OattVct), where Optr denotes a pointer
to an object in the database, Odi expresses the identifier of
the document of object. OattVct registers the attribute vec-
tor of object. The weight of each item (denoted as w(a i)) in
OattVct is the value of corresponding attribute a i (0<w(ai)<1).
A non-leaf node contains these entries of the form (Nptr,
MBR, Ndi, NattVct), Nptr denotes the pointer to the child
nodes, Ndi represents an identifier of a pseudo text descrip-
tion that is the summary of all text description in the en-
tries of child node. NattVct is a pointer to the node attribute
vector where the weight of each attribute is the maximum
weight value contained in the subtree rooted at Nptr. Fig-
ure4 illustrates an AIR-tree example for the dataset in Fig-
ure1. The inverted file and attribute vector of non-leaf node
N1,N2,N3,N4 are only shown in Table 2. For example, each
item in InvF1 is the union of the terms in the document con-
tained in o1 and o2. The weight of attribute of node N1 is
(0.3, 0.8, 0.6), respectively, which are minimum weight of
a1 and maximum weight of a2 and a3 in the two object at-
tribute vectors OattVct1 and OattVct2. The maintenance of
AIR-tree exploits the insert operation, which is adjusted the
original R-tree operation by appending the operations of up-
dating inverted file and attribute vector when AdjustTree()
is invoked. Similarly, the operations of update and delete in
AIR-tree can also be extended according to the correspond-
ing R-tree operations.

PROCESSING OF PTKSK QUERIES
In this section, we introduce two query processing algorithms.
One of which is a threshold-based method to find PTkSK re-
sult set; the other one is based on the hybrid index structure
to process PTkSK queries.

MFA Algorithm
In this subsection, we propose a PTkSK query processing
method, called Multiple feature algorithm (denoted as MFA),

which is based on the threshold algorithm (denoted as TA).
TA algorithm [6] is a typical method to addressing top-k
query that returns k tuples with the highest scores accord-
ing to a monotone function. We would partition the PTkSK
query into three features, that is, query location represents
spatial feature sf, fuzzy constrains and query keywords re-
spectively corresponds to users’ preference feature pf and
text feature tf. Therefore, the submitted query Q is trans-
formed into a set of three features Q f (sf,pf,tf ). To keep the
same monotony of the three features, we can do adjustment
in some extent. We assume that the aggregate function is
monotone decreasing in this algorithm. Similarly, we adjust
the TA algorithm to answer PTkSK query. The pseudo-code
of MFA is shown in algorithm 1.

Algorithm 1. MFA (Q, k);
Input: Q: a PTkSK query;

k: a positive number of returned results;
Variables: GT: a global threshold;

BaScore: best aScore that aggregates the score
of the current best objects.
Output: R: The top-k objects satisfying Q;
1: Q f ← Tranform(Q);
2: GT ← 0;
3: BaScore←∞;
4: R← Null;
5: for each each feature qi in Q f do
6: ti ← 0;
7: for i from 1 to k do
8: while(GT < BaScore) do
9: for i from 1 to 3 do
10: select query feature qi;
11: get the match o j of qi;
12: ti ← socre of o j on feature qi;
13: update GT;
14: if GT ≥ BaScore then
15: break;
16: compute aScore(o j, Q f )
17: if aScore(o j, Q f ) < BaScore then
18: cur-bestresult← o j;
19: BaScore← aScore(o j, Q f );
20: R← R ∪ {o j};
21: return R

The algorithm begins with transforming Q into Q f in the
form of (sf, pf, tf) and quantizes pf in transforming strategy
(line 1). Line 7-21 illustrates the iterative process to find
the top-k spatial objects. In query processing (line 8-19), we
begin to retrieve the first nearest neighbor objects oi1 of the
spatial feature q1(line 10-11 ) and compute aggregate score
between oi1 and Q (line 16), and then we finds the objects oi2
with highest preference similarity score and oi3 with high-
est text relevance score (line 10-11), based on which, we
compute the corresponding aggregate score in round-robin
fashion (line 16). After finishing one loop, we obtain current
total thresholds GT (line 12-13) and current best results (line
17-19). If GT< BaScore, then there exists some object in D
whose aggregate score is smaller than BaScore. Otherwise,
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we can retrieve the top-1 object. The algorithm terminates
when top-k spatial objects are found.

ATR-tree-based Algorithm
MFA algorithm may incur multiple accesses to the same
nodes and retrieve the same data point through different queries.
To overcome this drawback, we depend on the AIR-tree to
retrieve those objects only containing some query keywords
and satisfying users’ preference, which can avoid checking
the irrelevant objects to query. In order to process PTkSK
queries efficiently, AIR-tree is traversed from the root node
following the best-first traversal strategy. Algorithm2 shows
the pseudo-code of PTkSK queries.

Algorithm 2. ATRA (Q, T, k);
Input: Q: a PTkSK query;

T: an AIR-tree;
k: a positive number of returned results.

Output: R: the top-k objects satisfying Q;
1: Q f ← Quant(Q);
2: U← new min-priority queue;
3: U.Enqueue(T.root, 0);
4: while U is not empty do
5: E← U.Dequeue();
6: if E is an object then
7: R← R ∪ E;
8: if |R| = k then
9: goto 16;
10: else if E is an intermediate node then
11: for each entry e in E do
12: U.Enqueue(e, MINaScore(e, Q f ));
13: else if E is an leaf node then
14: for each object o in E do
15: U.Enqueue(o, aScore(o, Q f ));
16: return R;

This algorithm maintains a priority queue U to store the
AIR-tree nodes and objects that have yet to be visited, where
we sort nodes or objects in descending order of their rele-
vance with respect to query Q. As an importance metric, the
MINaS core, is defined to provide the lower bound of the
relevant aggregate score between query Q and the objects
enclosed in the rectangle of node N, which can be used to
order intermediate node and efficiently prune the paths of
the search space in hybrid index. The metric MINaScore can
be estimated as follows:

MINaS core(Q,N) = β
min RelD(Q.loc,N.mbr)

MaxDis
+

(1 − β)(1 − TP(Q, N))

where β is the same as in formula (4), minRelD(Q.loc, N.mbr)
denotes minimum Euclidian distance between Q.loc and N.mbr;
TP(Q, N)=αRelT (Q.t,N.t)+(1-α)Ps(Q. f ,N. f ).

We can see that MINaS core(Q,N) provides a lower bound
on the actual aggregate score between PTkSK query and the
objects enclosed in the rectangle of node N. Therefore, we
proceed to present the following pruning rule.

Lemma1: Let CMINaScore is the current smallest aggregate
score of node. The node N can be safely pruned if CMI-
NaScore≤ MINaS core(Q,N).
Proof: Since MINaScore(Q, N) is the lower bound of all
nodes in the subtree rooted at node N, the aggregate score of
any object contained in subtree(N) must be larger or equal
than MINaScore(Q,N). Therefore, we can safely prune the
node N when CMINaScore≤MINaS core(Q,N), which avoids
traversing these nodes in subtree(N) during query process-
ing.

In this algorithm, we employ Quant() function to quantize
the fuzzy labels in Q by using transforming strategy for get-
ting Q f . The query process iteratively checks the first en-
try E in U(line 4-16). If E is a intermediate node(line 10-
12), then all its child nodes enqueue to U together with MI-
NaScore score for later processing. Likewise, if E is leaf
node(line 13-15), then all objects in E enqueue to U. Note
that algorithm only compute these nodes or objects that need
to be traversed in ATR-tree. Once R contains k objects or no
more objects can be found, the algorithm terminates and out-
puts R.

EXPERIMENTS
In this section, we experimentally evaluate the efficiency and
scalability of our proposed algorithm on synthetic and real
datasets.

Experimental Setup
The synthetic dataset (SN) is generated to resemble the real
world. The synthetic data generator generates spatial data
points in a random manner. All data points are distributed 2-
dimensional space and obey uniform distribution. Each ob-
ject is assigned four attribute a1, a2, a3, a4, and combines a
document that randomly selects form WEBSPAM-UK 2007
that consists of a large of real web document. The attribute
score of each object is uniformly generated within the range
[0, 1]. The real dataset (RL) contains information obtained
by the online web data resource PocketGPSWorld[18]. The
object dataset consists of point of interests (POI) which be-
long to restaurant in the region of United States. Each object
contains three non-spatial attributes, price, service quantity
and popularity respectively. These attribute values are gen-
erated randomly range from 0 to 1. The properties of two
datasets are shown in Table2.

Table 3. Datasets details
Dataset Total objects Total unique words Total words
SN 2,631,576 1,184,856 602,630,904
RL 103,258 20,389 17,164,896

Each query contains 2 to 8 keywords, 1 to 4 fuzzy terms
and a location from dataset SN and RL. The hybrid structure
AIR-tree is disk-resident. The page size is fixed at 4KB and
the number of entries in each node is 136. All the experi-
ments are conducted in Java and run on a Windows platform
with an Intel(R) core(TM) 2 Quad CPU Q8400 @2.66GHZ
with 4GB RAM. In this paper, we adopt the running time as
the main metric to measure the performance of our proposed
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Figure 5. Effect of the k value
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Figure 6. Effect of the number of keywords

algorithms. The experiment setting is as follows:
Number of results k: 5 to 25, default 10
Number of query keyword: 2 to 8, default 2
Number of query fuzzy term: 1 to 4, default 2
Parameter α, β:0∼1, default 0.4

Experiment results
We compare the performance of the ATR-tree based algo-
rithm (ATRA) and multiple feature algorithms (MFA). Two
sets of experiments are carried out. The first set of experi-
ments measure the efficiency of the algorithms for varying
the different parameters introduced in section 5.1. The sec-
ond set of experiments measure the scalability of the algo-
rithms for varying the dataset size.
Efficiency In the first experiment, we use our default setting
and study the running time for all datasets while varying k.
The results in Figure 5 show that ATRA algorithm performs
better than MFA algorithm for all values of k, since MFA
need to access more objects and potentially more intermedi-
ate nodes in order to report the top-k results. On the contrary,
ATRA can prune these nodes irrelevant to the query so that
the running time is reduced remarkably. As expected, the
running time of two algorithms increases as k grows.

Next, we evaluate the performance of the two algorithms
with respect to the number of submitted keywords. The re-
sults are shown in Figures6(a) and (b). All algorithms need
more time as the number of keywords increases since they
need to process more keywords. The ATRA algorithm sig-
nificantly outperforms MFA algorithm of the different num-
ber of keywords. This is because ATRA can prune disqual-
ified node in query processing. On the other hand, the run-
ning time of ARTA increases slowly as the number of key-
words grows.
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Figure 7. Effect of the number of fuzzy terms
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Figure 8. Effect of parameters α and β

Third, we vary the number of fuzzy terms, that is the number
of mapping attribute, and evaluate the performance of our
proposed algorithm. The results for dataset SN and RL are
shown in Figures 7(a) and 7(b). In general, the running time
of our algorithm increase with the number of fuzzy term in-
creasing. For all datasets, the performance of ATRA signifi-
cantly outperforms MFA algorithm. The main reason is that
the ATRA exploits attribute summary information in each
level of ATR-tree to improve the pruning capabilities , there-
fore they just need to search a small area of the space for re-
trieving the best objects. On the other hand, we can obverse
that two algorithms have similar trends when the number of
fuzzy term is small.

In the subsequent experiment, we evaluate the impact of dif-
ferent parameters α and β on synthetic dataset. Figures 8(a)
and 8(b) plot the runtime of MFA and ATRA with the two
parameters varying from 0.1 to 0.9. Parameter α in for-
mula(3) allows users to adjust the importance between tex-
tual relevance and users’ preference. We fix k at 10, the
number of query keywords at 2, β at 0.4, and the number
of fuzzy terms at 2. Figure 8(a) shows that runtime of ATRA
decreases as α increases. That is because it takes shorter
for computing the users’ preference with a larger α. The
performance is the best at α=0.5. While α seldom impacts
the runtime of MFA, the reason is that in MFA spatial dis-
tance textual relevance and users’ preference are not combi-
nation but are considered respectively. Figure 8(b) shows the
changes of runtime of MFA and ATRA. Parameter β in for-
mula(4) allows users to balance the importance among spa-
tial distance, textual relevance and users’ preference. k, the
number of query keywords and the number of fuzzy terms
are fixed as the same as Figure 8(a), while α is fixed at 0.4.
In Figure 8(b), a large β denotes that spatial distance is more
important, while a small β denotes that textual relevance and
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users’ preference are more important. The performance is
the best at β=0.5.
Scalability In the second set of experiment, we study the
scalability of our proposed algorithm against dataset size.
Different synthetic datasets that contains the number of ob-
jects from 2million to 10 million, are generated by data gen-
erator. The corresponding document of each object is as-
signed a document randomly from the WEBSPAM-UK 2007.
The results are shown in Figure8. We can see that the scal-
ability of ATRA is superior to MFA obviously. On the con-
trary, the MFA does not scale with increasing the number of
objects since it is sensitive to the dataset size. Also, note that
ATRA results in small running time even in the case of the
number of objects is 10 million.
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CONCLUSIONS
The paper presents a comprehensive study for preference-
based top-k spatial keyword (PTkSK) queries. We exploit
an efficient strategy of computing users’ preference to trans-
form fuzzy linguistic labels into the [0,1] interval. We present
an efficient hybrid indexing structure AIR-tree that extends
the R-tree using inverted index and feature attribute vector.
We proposes two query processing algorithms to answer the
PTkSK query. We conducted extensive performance eval-
uations for the proposed algorithms by using both real and
synthetic data sets.
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