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Abstract
In view of the shortage of the spatial skyline query methods ( SSQ methods) in dealing with the

problem of skyline query in multidimensional space, a spatial skyline query method based on Hilbert

R-tree in multidimensional space is proposed. This method takes the advantages of Hilbert R-tree

which combines R-tree and Hilbert curve with high efficiency and dimensionality reduction. Accord-

ing to the number of query points, the proposed method in static query point environment is divided
into single query point of SSQ method ( SQ-HSKY algorithm) and multi-query points of SSQ method
(MQP-HSKY algorithm). The SQ-HSKY method uses the spatial relationship between objects to

propose pruning strategy and the skyline set in the filtering and refining process are computed. The

MQP-HSKY method uses the topological relationship between data points and query points to prune

non skyline points and generate the dominant decision circle to obtain the global skyline set. Theo-

retical study and experiments confirm the effectiveness and superiority of these methods on the sky-

line query.
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0 Introduction

The skyline query is a kind of typical multi-objec-

tive optimization problem''’.

It has been successfully
applied in market analysis, decision support, location
service, environment monitor, data exploration, data
mining, machine learning, database visualization and
other fields. The spatial skyline query is a kind of im-
portant skyline query. Traditional skyline query is to
find the data set which is not controlled by other collec-
tions of data points. The spatial skyline query is to
search the data set which is not spatially dominated by
other data points in the d dimension.

Some important achievements have been made in
the field of the skyline query. Ref.[2] proposed a
computational sharing strategy based on efficient identi-
fication and computational independence. At the same
time, two algorithms which are Bottom-Up and Top-
Down algorithm are proposed to calculate the sky cube
based on these sharing strategies. But the renewal cost
is big. Ref. [3] first proposed the concept of reverse
skyline query and proposed the BBRS algorithm which

is an improvement of BBS algorithm. For spatial sky-
line queries under multiple query points environment in
low dimensional space, Ref.[4] studied the farthest
spatial skyline query. A basic algorithm TFSS and a
progressive algorithm BBFS are proposed which help to
identify the spatial locations far from the bad locations.
For skyline queries in multidimensional spaces, In
Ref. [5], Salsa algorithm was proposed to deal with
the skyline problem through classification. Ref. [6]
proposed a skyline algorithm based on sorting which
could deal with pairwise comparisons between incom-
plete data. This algorithm used two optimization tech-
niques : block generation order and point generation or-
der. The method can retrieve meaningful skyline points
by adjusting the two specific parameters. The algorithm
proposed in Refs[5,6] is very efficient for small
amount of data, but when the amount of data is large,
the algorithm is costly and inefficient.

Ref. [ 7] studied the skyline evaluation of multidi-
mensional data with partially ordered domains and two
new methods were proposed. Inspired by the grid theo-
ry and the existing skyline algorithm, the first method
used an appropriate plan to achieve complete order
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from half order. Inspired by the queue, the second
method used an appropriate access and index method.
Ref. [ 8] studied spatial skyline queries and proposed
three algorithms ; B*S? , VS? and VCS®.

In recent years, the skyline queries have been ex-
tended further to the k-dominant skyline query'®’ | the
reverse skyline query''®" | the probabilistic skyline que-
ry:ll-l3] ]

, the skyline-Join query'"' the Top-k reverse

"1 the dynamic skyline query''® | the

skyline query
skyline queries on probabilistic data'”’, the MapRe-
duce skyline query'™ and so on. However, there are
some gaps in the skyline query of multi-dimensional
space. Therefore, it is of great significance to study the
skyline query method in multidimensional space.

The existing results have shortcomings in dealing
with the dimension, which leads to the problem of low
efficiency of data processing when dealing with multidi-
mensional spatial skyline queries. And the problem of
dimension processing in multidimensional space is more
critical. It is of great significance for dealing with data
and solving the skyline set in multidimensional space.
Therefore, the method of reducing dimension based on
the Hilbert R-tree' ! is adopted in this paper. In order
to further improve the performance of the skyline query
in multi-dimensional space, this paper proposes a spa-
tial skyline query method based on Hilbert R-tree,
which has high performance in dealing with the spatial
skyline query problem in multidimensional space.

1 Basic definitions

Given a set of d-dimensional data points P = {p, ,
P2stts Pl and a set of d-dimensional query points
={q1, g2,
Definition 1'* (the distance from ¢ to spatial ob-
jects) : In the Euclidean space E (n), the distance

, q,}, and m >>n.

from point ¢ to a space object p is represented by
Ipsall:

Ip, gll = (Min) I« —q1%)",
i=1

Vx:(xl5x27.“7xn) Ep (1)

Definition 2'*' ( Mindist distance ) : In d-dimen-

sional Euclidean space E(n), the minimum distance

of point ¢ to rectangular £ in the same space is ex-
pressed as Mindist (E, q) :

Mindist(E,q) = (Y, | E, —q,1%)"” (2)

=
in which

s, ifg, <s;

if g, <t (3)

q; the others

Definition 3 7' ( MinMaxdist distance) : In d-di-
mensional Euclidean space E(n), the maximum-mini-
mum distance from point ¢ to minimum bounding rec-
tangle E = (S, T) in the same space is represented by
MinMaxdist (E, q) :

MinMaxdist(E ,q)
ik

= (min(l E,, —q, 17 + 2 | E,. —q.1%))"

I<i<n
l<sk<sn (4)

in which
£, = {Sk o= g (5)
b the others
. (S, +1¢,)
E - {si ifg, <~ (6)
L the others

Definition 4''' ( Dominance) : Given data point p,
e P, p, e P, a query point g, p, dominates p,, if and
only if the conditions are satisfied by

(1) Yie {1, b, 1 ¢ =piI<lq-pl;

(2) Fjell,nl, 1 ¢d-pil<lqgd-phl,

Definition 5''/ ( Skyline set) ;: A set of data points
that are not dominated by any other data points are
called skyline set. The global skyline set takes the en-
tire dataset as the query scope and is denoted as GS.

Definition 6'*' ( Spatial skyline query): Given
data point set P = {p,, p,, -+, p,,| and query point set
0=1q,, g,,**, q,} in d-dimensional space, a spatial
skyline query returns a collection of points that are not
dominated by other data points in P over a series of de-
rived attributes.

Definition 7'*’ ( Hilbert curve ): One-to-one
mapping between d dimensional data space R’ and one-
dimensional data space I, which can be denoted as H .
R'>I. If point pe R, then H(p) el. H(p) is also
called as the H value of point p.

Definition 8 ( multidimensional spatial skyline
query) : In the d-dimensional Euclidean space, given
a data point set P = {p,, p,,, p,| and a query

pOint set Q = {(]1 ’ q29“.’ qn }
space, the dimension is not less than 3(d = 3). The

In multidimensional

multidimensional spatial skyline query is to find a
space skyline set about () in dataset P. The specific
definition form is as follows:SSQ (P) = {p, el | | p;,
Qll < llp, QI ,R'—1,d=3,i#j,1<i, j<m].

2 Spatial skyline query method based on
Hilbert R-tree

According to the number of the query point, the
skyline query in multidimensional space is divided into
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the skyline query method under the single query point
environment and the spatial skyline query method un-
der the multiple query points.

2.1 Spatial skyline query under the single query
point environment

The skyline query method under the single query
point environment ( SQ-HSKY algorithm) proposed in
this section can be divided into two stages. In the first
stage, data points are grouped through the Hilbert-R
tree, the dominated data points are filtered according
to the proposed pruning strategy and the more accurate
candidate set is obtained ( CLS _HSKY algorithm). In
the second stage, the dominated data points are filtered
out by using the definition of dominance and the global
skyline set is obtained (MLS _ HSKY algorithm).
2.1.1

Firstly, the Hilbert curve is used to reduce the di-

Filtration process

mension of the data set to delete the unnecessary attrib-
utes. The structure of the Hilbert-R tree is used for
partitioning, and it is easier to handle the data. Then,
the dominance relationship between the data points is
obtained by Theorem 1 and Theorem 2. In order to de-
termine the dominance relation and prune the non sky-
line points, Theorem 1 is given. At first, Lemmas 1
and 2 are given in this section.

Lemma 1'* Given query point ¢ and the mini-
mum bounding rectangle E, the spatial object set O =
{o,,1<<i<m} of bounding rectangle E, then for ¥ o
e 0, Mindist(E,q) < | o,q| -

Lemma 2"’ Given query point ¢ and the mini-
mum bounding rectangle E, the spatial object set O =
{0,,1<<i<m} of bounding rectangle E, then for 3 o
€0, | o,q| <MinMaxdisi(E,q).

Theorem 1 Given query point ¢ and the mini-
mum bounding rectangle E and E’, if the minimum dis-
tance Mindist (E,q) between E and ¢ is larger than
the Maximum-minimum distance MinMaxdist (E', q)
between £’ and ¢, then E is pruned.

Proof According to Lemma 1 and Lemma 2, it
can be seen that,Mindist (E, q) < | o, q |, |l 0,q |
<MinMaxdist (E, q) , then Mindist(E,q) <MinMax-
dist (E,q), and if Mindist (E,q) > MinMaxdist (E',
q) , so there must be Mindist( E,q) > Mindist (E',q)
and Mindist(E,q) > | E',q || . So E is pruned.

Theorem 2 Given query point ¢ and minimum
bounding rectangle E. If there is data point o, || o,q ||
> MinMaxdist(E ,q) , then data point o is pruned.

Proof According to Lemma 2, it can be seen
that, there is data point o in the surrounded data points
of E, which satisfies || o', q | < MinMaxdist(E,q).
And for data point o, | o, q || > MinMaxdist(E,q) ,

then there must be || o,q || > || o',q ||. At the same
time, according to the domination rule of spatial sky-
line query, o is dominated by o', then o is pruned.

Theorem 3 Given query point ¢ and minimum
bounding rectangle £, if there is data point o, Mindist
(E,q) > || o, ¢ ||, then bounding rectangle E is
pruned.

Proof According to Lemma 2, it can be seen
that, there is arbitrary data point o' in the outsourced
data points in E which satisfies Mindist (E, ¢q) <
o ,q |- And for data point o, Mindist (E,q) >
lo,q | , then there mustbe || o',q || > ||o,q| . At
the same time, according to the domination rule of spa-
tial skyline query, o is dominated by o', and o’ is an
arbitrary data point that is outsourced in £, so o’ domi-
nates F, and FE is pruned.

As shown in Fig.1,p,, p,, p3, '+, pss are the
data points, ¢ is the query point. According to theorem
1, it is known that Mindist (Eg,q) > MinMaxdist ( E,,
q) , then Eg is pruned, and p;,, ps;, ps, pss in Eg are
pruned. There is Mindist (E,,q) > MinMaxdist (E, ,
q) , then E; is pruned, and py, p,y, P11, P1p in E; are
pruned . There is Mindist (Es,q) > MinMaxdist ( E ,
q) , then Es is pruned, and pio, py, pys Prs Pa in
E, are pruned. According to Theorem 2, it is known
that || py,q || > MinMaxdist (E,,q), | py,q || >
MinMaxdist(E,,q), || ps, q || > MinMaxdist ( E, ,
q)s | pisq |l >MinMaxdist (E, ,q) , || pi7,q || > Min-
Maxdist(E,,q) , || pau>q || > MinMaxdist (E,,q) , |
Pas»q || >MinMaxdist (Eq,q) , || p,,q || > MinMaxdist
(Es,q),80 piy P2y Pirs Pus Pass Pass P Pas aT€
pruned. According to theorem 3, There are Mindist
(Evvq) > | psoq | and Mindist (Eq.q) > || ps.q |l -
so E, and E; are pruned. Finally, candidate set {p,,
Pa» Pss Pos Paos Pl is obtained.

The main idea of the algorithm proposed in this
section is; According to Theorem 1, Theorem 2 and
theorem 3, data points are processed and a large num-
ber of dominated data points are pruned and the candi-
date set after pruning is obtained. P = {p,, p,, ",
p.| is a data point set, Q is a query point,the dimen-
sion of data points through the Hilbert curve is re-
duced. The Hilbert R-tree according to the H value
and the distribution of data points are obtained. And
the data points along the Hilbert R-tree are processed.
At first, according to theorem 1, if there are two boun-
ding rectangles E and E’, meanwhile there is the rela-
tion that the minimum distance between E and ¢ is
greater than the maximum-minimum distance between E’
and ¢, then the bounding rectangle E is pruned. Accord-
ing to Theorem 2, if there are bounding rectangle E and
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Fig.1 The relations of dominance among the partition

between the data points

data point p, and they meet the condition that the dis-
tance between p and ¢ is greater than the maximum-
minimum distance between E and ¢, then data point p
is pruned. According to theorem 3, if there are boun-
ding rectangle E and data point p, and they meet the
condition that the minimum distance between E and ¢
is greater than the distance between p and ¢. Then
bounding rectangle £ is pruned. The remaining data
points which are not pruned constitute a more accurate
candidate set.

Based on the above discussion, an algorithm is
given to obtain the candidate set as shown in Algorithm
1.

Algorithm 1 CLS HSKY (P, Q)

input: data point set P,query point Q
output; candidate set LS
begin

1. Creat-Hilbert( P) ;// To reduce the dimension of
data set P by Hilbert curve

2. H,«Calculate H(P);// H values of all data
points are calculated on the Hilbert curve

3. LS<P;// Putting data point set P into the LS set

4. Create Hilbert R-tree;// Hilbert R-tree is estab-
lished by H value and data distribution

5. while not _ empty( Hilbert R-tree) do

6. for E, in Hilbert R-tree do

7. if Mindist(E,,q) > MinMaxdist(E;,q)
then //theorem 1

8. E, is pruned;

9. LS« LS -E,;

10. end if

11. for p, in Hilbert R-tree do

12. if || pirq |l >MinMaxdist(E,,q)
then  //theorem 2

13. p, is pruned;

14. LS—LS -p;;

15. end if

16. if Mindist(E,,q) > || p;,q | then

//theorem 3

17. E; is pruned;

18. LS—LS -E;;

19. end if

20. end for

21. end for

22. end while

23.  return LS;

end

2.1.2 Refining process

Some of the dominated skyline sets have been fil-
tered out through the CLS _ HSKY algorithm. But the
remaining data points may also have data points which
are dominated. Therefore, this section mainly deals
with the dominance relationship between the remaining
data points, and finally the final skyline set is obtained
by refining each data point.

The main idea of MLS _ HSKY algorithm is to
judge dominance relationship between the data points
in the candidate skyline set ( LS set ) one by one. By
comparing the Euclidean distances from each data point
to the query point, a set of points are obtained which
are not dominated by other data points. Finally the
spatial skyline set of single query point condition in the
static query point environment is obtained.

Based on the above discussion, the refining algo-
rithm is further presented in this section as shown in
Algorithm 2.

Algorithm 2 MLS HSKY(P, q)

input: query point ¢, data point set P in candidate
skyline set LS

output; The final skyline set GS

begin
1. GS—0O
2. GS<LS ;

3. forp,in GS do

4 i Ip gl > Ip, gl then
5. GS<—GS - p;;

6. end if

7. end for

8. return GS

end
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2.2 Spatial skyline query under the multiple que-

ry points environment

SQ-HSKY algorithm is a spatial skyline query
method under the environment of single query point.
But in real life, the number of the query points is often
multiple. So this section studies the spatial skyline
query method under the multiple query points condition
in the multidimensional space, and the MQP-HSKY al-
gorithm based on Hilbert R-tree is given.

When the query point is unique, the dominance
condition is determined only by judging the relationship
between the distance from each data point to the query
point. But when the number of the query points increa-
ses, the situation has changed. After data points are
added, not only the distance relationship between data
points and a query point is considered, but also the
distance relationship between data points and all query
points is considered, so the situation is more complex.
In order to make use of the topological relationship be-
tween points, the dominance relationship between data
points is determined, and Theorem 4 and Theorem 5
are given.

Theorem 4* If Jp e P and p is in CH( Q) ,then
p must be a skyline point.

In order to give Theorem 5, this section first gives
the definition of the dominating decision circle, such as
Definition 9.

Definition 9 ( Dominant decision circle) : Given
data points set P = {p,, p,,**, p,| and query points
set 0=1{q,, ¢,,"*,q,!, the dominant decision circle
is defined as a circle where ¢; is the circle center and
dist(q,;, p) is the radius. dist(q;, p) is the distance
between ¢; and p.

Theorem 5 Jp,, p, € P, the circle Circle(q;,
p,) with g, as the center and dist(q,, p) as the radius.
If p, is in the outside of the dominant decision circle,
then p, is dominated by p,.

Proof Taking g, as the center and dist(q,, p) as
the radius to generate the circle, then all the positions
in the obtained Circle(q;, p) are closer to ¢ than p. By
the definition of skyline, it is known that the data
points closer to the query point set dominate the data
points far from the query point set. Therefore, taking
q; as the center and dist(q;, p) as the radius to gener-
ate circles, the interior points of Circle (q,, p) are
closer to Q than the points outside Circle(q,;, p). Be-
cause p, is outside of Circle(q;, p,), dist (q;, p,) <
dist(q;, p,), so p, dominates p,.

As shown in Fig.2, ¢q,, ¢,,q; and ¢, are query
points, p, and p,; are data points, and the distance be-

tween the two points is the length of the dotted line.
Generate Circle(q,, p;) with ¢, as the center of a cir-
cle, p;is on the circle, p,; is outside the circle, so dist
(qy, p3) <dist(q,, p;;). Circle(q,, p;) is generated
with ¢, as the center of a circle, p; is on the circle, p,;
is outside the circle, so dist(q,, p;) <dist(q,, p;3)-
Circle (g5, p;) is generated with ¢, as the center of a
circle, p, is on the circle, p,; is outside the circle, so
dist(qs, p;) <dist(qs, py3). Circle (q,, p;) is gener-
ated with ¢, as the center of a circle, p, is on the cir-
cle, p,; is outside the circle, so dist (gq,, py) < dist
(g4, p13)- In conclusion, p; is closer to Q than p,;, p,
dominates p;.

Fig.2 Multi-query point of dynamic skyline query

As shown in Fig.2, the node of the tree in which
p, is located intersects with CH( Q). So p, is added to
the skyline set and generate Circle (q,, p,). There is
no intersection between the four circles. Point p, is
outside of Circle(q,, p,), ps, Ps, P; and pg are out-
side of Circle(q,, p1), Puis Pi2s Pis> Pa and ps are
outside of Circle (¢,, p,). So the above nodes are
dominated by p,, and all of them are added to the non
skyline set (VS set). Then the rest of the data points
are judged again. Finally, the global skyline set is
[Pis P2y P3s Pos Pros Piss Pras Pist -

The main idea of the MQP-HSKY algorithm pro-
posed in this section is to judge the data points accord-
ing to the theorems. Query point is ¢,. Data point is
p;- The partition that the circle with ¢, is center and
dist(q;, p) is radius subtracts the intersection part of
several circles is expressed by ND. The data points
within the ND range are skyline points. The intersec-



HIGH TECHNOLOGY LETTERSIVol. 25 No. 3 1Sep. 2019

267

tion of each dominant decision circle of data point p is
the dominated region of data point p. Data points in
this region dominate data point p. According to the to-
pological relationships between the Hilbert R-tree
nodes and the convex hull of @, it can be divided into
two cases. When the node intersects with the convex
hull, the data points of the intersection can be added
directly to the skyline set. And the range of the ND re-
gion is updated. When the node does not intersect with
the convex hull, then the topological relation between
the data point in the node and the ND is judged. If the
data point is in the ND region, then it can be judged as
a skyline point. And finally, a complete global skyline
set is obtained.

Based on the above discussion, the MQP-HSKY
algorithm is further presented as shown in Algorithm 3.
Algorithm 3 MQP-HSKY (P, Q)

Input; data point P={p,, p,,***, p,.| , query point

= %q19 qZ’”.sqng‘
Output : the global skyline set GS of P about ().
begin

1. Calculate H(P);
of each data point

2. Create _Hilbert-R-tree (H,) ; //To build a Hil-
bert-R tree according to Hilbert coding sequence and H

// To calculate the H value

value

3. Calculate CH(Q); // To calculate the convex
hull CH(Q) of Q for the query point

4. GS={|; NS={}; ND=0;

5. for MR, in Hilbert-R-tree ~ do //MR, is the
MBR of the tree
6. if GS =@ then
7. GS<—GS + p,;// To add the first data
point p, to the GS set
8. ND = z;lleircle(qj,pi)
-N Z:=1Circle(qj Di) s
9. end if
10. if MR.NCH(Q) #© then
11. GS<—GS + p,;//Add data point p, of in-
tersection between MR, and CH( Q)
12. ND = z;lzl(:ircle(qj, p;)
-N Z.:ZICircle(qj, P:);
13. end if
14. for p, in MR, - (MR,NCH(Q)) do
15. if p,¢ND then
16. NS<«NS +p,;
17. P—P -p,;
18. end if
19. if p,eND then

20. GS—GS +p;;
21. ND = ZFICircle(qj,pi)
-N Z.;Zl(]ircle(qj, P:);
22. end if
23. if MR, NCH(Q) =@  then //MR, is
the MBR of the tree
24. for p, in MR, do
25. if p,eND then
26. NSNS +p,;
27. P—P —-p,;
28. end if
29. it p,eND then
30. GS<—GS +p;;
31. ND = 2]’_'=1(;ircze(qj, »)
-N zjle'ircle(qj, i)
32. end if
33. end for
34. end if
35. end for
36. end for
37. return GS;
end

3 Experimental results and analysis

In this section, the proposed method is evaluated
by experiments, and the performance efficiency of the
method is verified. The proposed SQ-HSKY algorithm
mainly handles the spatial skyline query problem under
the single query point environment in the multi-dimen-
sional space. The MQP-HSKY algorithm is mainly suit-
able for the skyline query under the multi query points
environment in multi-dimensional space. In this sec-
tion, the SQ-HSKY algorithm is compared with the
PCS algorithm of Ref. [22 ], and the MQP-HSKY algo-
rithm is compared with the Top-k MSSQ algorithm of
Ref. [23]. PCS algorithm is to deal with the skyline
query under the single query point condition, and the
skyline set is calculated by invoking classical algo-
rithms. At first the PCS algorithm calls the BBS algo-
rithm to calculate local skyline, and then the D&C al-
gorithm is called. The Top-k MSSQ algorithm is to deal
with the skyline query under multiple query points con-
dition, and the Top-k MSSQ algorithm mainly uses a
scoring function to prune skyline.

The configuration of the experiment platform:
Pentium 4-core 2.216 GHz CPU, 8 GB memory, 500 GB
hard disk, the programs are achieved by Microsoft Vis-
ual 2005 on the Windows10 operating system. The data
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set used in this paper is the real data set provided by
the State Library of California, which is a general sur-
vey of the population distribution information of Califor-
nia ( http ://www. library. ca. gov/lds/demographicpro-
files/index. html ) .

The experiment compares the performance of the
SQ-HSKY and PCS algorithm, MQP-HSKY and Top-k
MSSQ algorithm by comparing the effects of dataset size
on algorithms at different distributions. At the same
time, the experiment also compares the influence of di-
mension on algorithm under different data distribution.
The experiments show that the response time of the SQ-
HSKY algorithm and MQP-HSKY algorithm proposed
in this paper are better than that of the PCS algorithm
and Top-k MSSQ algorithm in the different data sets
and multi dimension.

First, the SQ-HSKY algorithm and the PCS algo-

100
SQ-HSKY
= 75 =e= rcs
= 1
2 R
9 50 g
g -~
3 =
0 *
L L
~ 25 ..,‘ s
‘—
0 | ] | | x10°
10 50 100 150 200 250 300 350

Dataset scale
(a) negative correlation distribution

rithm are compared experimentally. Fig.3 verifies the
influence of the size of the data set on the response
time in the case of the negative correlation and inde-
pendent distribution. The dimension is 8. In Fig. 3, it
can be seen that in the case of different data distribu-
tion, the response time of SQ-HSKY algorithm and the
PCS algorithm are both increasing along with the data
set increasing. Compared with the PCS algorithm, the
SQ-HSKY algorithm has less time-consuming. Moreo-
ver, as the amount of data increasing, the time-consu-
ming difference between the SQ-HSKY algorithm and
the PCS algorithm is getting bigger and bigger. The
SQ-HSKY algorithm proposed in this paper adopts the
efficient method of decreasing dimension. Meanwhile
the algorithm uses index structure which is suitable for
handling large amounts of data. And the efficiency is

obvious.
100
SQ-HSKY
o 75 |- == PCS
5 ot
8 o
o 50 — _.’
2 -
2 v’
el
|- 4
25 '_.-’
0 | | I I I I x10°
10 50 100 150 200 250 300 350
Dataset scale

(b) independent distribution

Fig.3 Effects of data set size on response time at different distribution

Fig. 4 verifies the effect of dimensionality on re-
sponse time in the case of negative correlation and in-
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(a) negative correlation distribution

dependent distribution. The size of the fixed data set is
300 x 10°.
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Fig.4 Effects of dimensionality on response time at different distribution

It can be seen from Fig.4 that the curves both
have an increasing trend in the case of negatively cor-
related and independently distributed. In negative cor-
relation, when the dimension is below 10, the curves
of the two algorithms are infinitely close to the X axis.

Starting from the 10 dimension, the curve of the two al-
gorithms is gradually increasing, and that of the PCS
algorithm grows faster. From the overall view of the two
images, the proposed SQ-HSKY algorithm requires less
response lime than the PCS algorithm. Starting from 12



HIGH TECHNOLOGY LETTERSIVol. 25 No. 3 1Sep. 2019

269

dimension, the gap of algorithmic efficiency between
SQ-HSKY algorithm and PCS algorithm is getting big-
ger and bigger. The response time consumed by PCS
algorithm is more than that consumed by PCS algorithm
in negative correlation and independent distribution.
The following experiment is to compare the MQP-

100

HSKY algorithm with the Top-k MSSQ algorithm.
Fig. 5 verifies the influence of the size of the data set
on the response time of the MQP-HSKY algorithm and
the Top-k MSSQ algorithm in the case of negative cor-
relation and independent distribution. The fixed di-
mension is 10.
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Fig.5 Effects of data set size on response time at different distribution

In Fig.5, it can be seen that in the case of the
negative correlation and independent distribution, the
response time of the two algorithms increases along with
the increase of the data set size. The response time of
the MQP-HSKY algorithm is less than that of the Top-k
MSSQ algorithm regardless of the negative correlation
or the independent distribution.

Fig. 6 verifies the influence of dimensionality of
MQP-HSKY algorithm and Top-k MSSQ algorithm on
response time under negative correlation and independ-
ent distribution respectively. In Fig. 6, it can be seen
that in the case of negative correlation and independent
distribution, the curve of the two algorithms is always

monotonically increasing, and the curve is infinitely
close to the X axis when the dimension is between 8
and 10. The curve begins to grews slowly when the di-
mension is above 10. But the curve of the MQP-HSKY
algorithm grows slowly. The main reason is that the
Top-k MSSQ algorithm uses the idea of sorting. And it
deals with the data in order. Therefore, the response
time consumed by the algorithm increases when the di-
The MQP-HSKY algorithm uses

Hilbert curve, which has a great advantage in dimen-

mension Increases.

sionality reduction, so it is very efficient for multi-di-
mensional situation.
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Fig.6 Effects of dimensionality on response time at different distribution

4 Conclusions

A solution to spatial skyline queries in multidi-
mensional spaces based on Hilbert R-tree is proposed.
In the static environment, the SQ-HSKY algorithm un-
der single query point environment and the MQP-HSKY

algorithm under multiple query points environment are
proposed. The two algorithms use the Hilbert curve to
reduce the dimension, and Hilbert R-tree is used as
the data allocation method. The SQ-HSKY algorithm
has two processes including filtering and refining to cal-
culate skyline. The MQP-HSKY algorithm prunes non
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skyline points by using the topological relationship be-
tween data points and query points, and generates the
dominant decision circle. Then it prunes dominated da-
ta points to obtain the global skyline set. The future re-
search focuses on the following:

1) Uncertain data skyline query with the fusion of
vague direction relation.

2) Uncertain data skyline query with the real-time

query platform for big data based on Hadoop'*'.
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