International Journal of Hybrid Information Technology
Vol.7, No.5 (2014), pp.33—-42
http://dx.doi.org/10.14257/ijhit.2014.7.5.04

Constrained k Nearest Neighbor Query for Uncertain Object in the
Network

Gao Jun
Harbin University of Science and Technology, Heilonjiang, China
hustgj@163.com

Abstract

Constrained k nearest neighbor query for uncertain object in the network i Ngd‘k
uncertain objects which are the k nearest neighbors with range constraint of th q%o ject
in the network. For solving this problem, the uncertain object is modeled asfth zy object
and the network « -distance between fuzzy objects in the net k,ls defimed:

the concept of constrained k nearest neighbor query for bject i etwork is put
forward, and according to the query sequence two qu |t ms osed. One is by
using minimum and maximum « -distance betwe Obj ange constraint to
reduce the search area. The other is by using that E an dlst an be computed easily
and it is the lower bound of the network dist to decli e complexity. Experimental
results show that two algorithms have differe, formance\ ferent condition.

Keywords: Nearest neighbor query@hge co@ Network, uncertain object, & -
distance

1. Introduction AQ 6

Constrained k nearest n or quer%k nearest neighbor query that is constrained to
a specified region. ThIS query is ted towards users who are particularly interested
in nearest neighbor 4 on bounﬁgy certain spatial conditions, rather than in searching
for nearest neighb%he ent ace. It has made a lot of achievements ™. But those
studies most f ed On the ce covered in reality is not comprehensive enough For
example a pé arint network wants to know the k nearest mate in some region.
That is there are demal considering the k nearest neighbor query for uncertain object
constrained by the fr ace and the network at same time. So it needs to consider the
constraint k neare ighbor query for uncertain object in the network.

For the question that the free space and the network be considered at the same time, there
exist many essing methods for the certain object. In [2] the free space and the network
first studi he same time, the accepted path constrained by the free space, for example the
test path must through some area. In [3] the nearest neighbor query in the road
converted to the query in the free space with high dimension. In [4] a framework
s the combination of the free space and the network is given.

But for the uncertain object, the literature that the free space and the network be considered
at the same time is few. In [5] a method of constraint probabilistic query for the uncertain
object in the network is given. The most of the other literature concerned separately consider
the free space and the network. For example, for the free space, [6] gives a method of
probabilistic query for the uncertain object in the free space, [7] gives an indexing method for
probabilistic queries of the uncertain object, [8] gives a method of probability k-nearest-
neighbor queries over uncertain data, and [9] gives the semantics of ranking queries for
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probabilistic data. For the network, in [10] the uncertain object in network is modeled as an
area, and a method of nearest neighbor query for the area is given.

And above works about the processing of the uncertain object in free space or in the
network mostly use probability. But fuzzy set theory is also a powerful tool for dealing with
uncertainty problem, and it has been widely used in the area of the database. Such as, in [11]
fuzzy theory is used to define the data type and operation of uncertain object, in [12]
uncertain object in free space is modeled as fuzzy object and two methods of nearest neighbor
query is given. So this article explores using fuzzy set theory to deal with the constrained k
nearest neighbor query for uncertain object in the network.

2. Basic Concepts

0
Given a network N and an area RC.

Definitionl. Fuzzy object O in the network N is a set of order pairs< o > ,
which o, denotes a fuzzy point of the O, and x_ (o,) is a degree,of membe @t is:
0 ={<0,,4,(0,) > |0, € N, g (0,) > 0} % Q
Certain object in the N is a special of the fuzzy, @ that 0,1> |o e N}.
Definition2. The « -cut set of the fuzzy object O netwo&(
0, ={0,]o, € N, (0,) > a}.

QO
Definition3. Given dy (04, 0p) iS the%.@< distag:éﬁ o\fuzzy points o; and o, in the

network N. The « -distance between f bject d O, in the network N is:
d, (0,,0,)= min d, (o

<0,,0,>€0,
Def|n|t|0n4 Given the cory@ pomk@e area RC and the network N are g; (i=1,
., h). The « -distance bet the &Q‘ ject O and the area RC is
(0, RC)— d (og (O,RC)= min d ©0.9,).
xg;

a max

<0,9;>0,
Definition5. K n elg %% y for the fuzzy query object q in the network N is to
find k objects o for whic istance d_ (q,0,) is less or equal to the distance

d (q,0) f other 0 ., thatis:
KNN {Ou‘d (9,0 b(qO)J:lZ...k}

Definition6. C d k nearest neighbor query for fuzzy object q in the network N is to
find k objects O} for which the distance d_ (q,0,) is less or equal to the distance

a-min

d_(q,0) othero’e 0 /0, ,and O, all locate in area RC, that is:
Ck

N, i=12,.,k,0,eRC}

hown in Figure 1, it is an example of the basic concepts. Assumed fuzzy object set
D=790,, O,, O3, O4}, in which fuzzy object O; = {<011, 0.1>, <015, 0.5>, <013, 0.8>}, 013, 012,
0,3 are fuzzy points of the fuzzy object Oy, and 0.1, 0.5, 0.8 respectively are the degrees of
membership of fuzzy points. O,=<0,;, 0.3>, <02, 0.7>, <0y, 0.8>}, 03=<03, 0.2>, <03, 0.6>,
<033, 0.9>}, O4= {<041, 0.5>, <045, 0.9>, <043, 0.8>}, k=1, « =0.5, query object g= {<q;, 0.3>,
<@, 0.6>, <qz, 0.9>}. RC is the constraint area. The conjunction points of the RC and the N
respectively are g1, g2, 03, Us-
For the fuzzy object O, its 0.5-cut set is Oyp5= {012, 013}. The 0.5-cut set of the fuzzy
object Oz is Osjo5 = {03, 033} The 0.5-cut set of the fuzzy query object q is dos = {02, g3}
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The 0.5-distance of the fuzzy object g and the fuzzy object Oy is:
do.s(q'ol): min dN(qi‘oli):min{dN(q2’012)’dN(q2’013)’dN(q3‘012)’dN(q3’013)}

<0;.0;;>€0g %0y /05

The 0.5-distance of the fuzzy query object g and the fuzzy object Os is:
do.s(q'oa): min dN(qi‘OBi):min{dN(qZ’OSZ)’dN(q2‘033)’dN(q3’032)’dN(q3’033)}

<0;.03;>€0g5%03,05

The 0.5-distance of the fuzzy query object g and the area RC is:
A4 s maxminy (4, RC) = max(min) d (q,9,) = max(min){d (g,,9,).d(q,.9,),

<Qi 9j>€Ug %0

d,(g,,9,).d,(a,,9,).d,(q;.9,).d,(a;,9,).d,(a;,9,).d(a,,9,)}

19

Figure 1. The Exam é asm@epts
fuzz

The result of k nearest neighbor quer t g in the network N is Oy, for it is
the object in O that have m|n|mum a ce t% owever the result of constrained k

nearest neighbor query of fuzzy n the net N is Os, for it is the object both in the
O and in the RC that have mini dlst the g.

3. Storage of the Data@ 5\\0

For the network\ compamq%wnh the data in it, the network and the data in it are

separately stored @

3.1. Storage Netw

The network connegtj nd the network location are separately processed. The message
of connection is m s indirection weighed graph. The node set includes the conjunction
nodes of the netv@d special nodes. The element in the edge set denotes the connection of
nodes and ne tgor istance. As showed in Figure 2(a), it is a graph of the network in Figure 1.

Vi vs [ Vo] ]
= N —

|V1|V2|V3|V4||V5|V6|V7|V8||V9|V10|V11| |
L T T =4 = = 1 L i | T ]
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P, NN\ <( /f“,<_ e

1 173 - [
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(a) The graph of the network (b) The adjacent list

Figure 2. The Graph and the Adjacent List
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1. The adjacent list is used to store the connection of the network.

For decreasing 1/O operation, search time and effectively visiting the adjacent list of nodes,
the adjacent lists of neighbor nodes in space are putted in the same page according the Z order.
The pages that adjacent lists being in it is indexed by B* tree according the order of node. As
showed in Figure 2(b), it is the mode of storage for the graph in Figure 2(a)

For example, node v; has two adjacent nodes v, and vs, so its adjacent list I; has two parts
which have the same form. The first part is <v,, e,, pty, 2, pto>, in which v, is the adjacent node
of vy, e, is the network distance of vy and v,, pt; , is a pointer it point to the page that store the
abstract data type of edge viv, and pt, is also a pointer it point to the page that store the
objects on the edge v;v,. And that the pointers are putted at the head and end of the abstract
data type to point to the page p; which store the adjacent list of v; and v,. The others are same.

2. R tree is used to index the location of the network
E apacity

As showed in Figure 3(a), it is an R tree of the network in Figure 1. Assu
of nodes is 3. The MBR of associated nodes is put at a lea node MBR R;
containing node v; and vs is putted at a leaf node. At the safg™ @ has a pointer
ptis to point the page storing the abstract data type of the > The R ssociated edges

is putted at a middle node, for example MBR R, co % edge V3V11|S putted at a
middle node. The same approach is used till the root wodg' \K/

v, R,
5 El [ JE[ ] ]
R, IR, L ||
v, L Y% [Es]Ptoa | Pty [] | [Ea[Pog] Pty []
[EsPtog] Pt || [Es[Ptoa] Pty []
(a) Rtreeof the Iocatl (b) R tree of the fuzzy object
\\ %re 3. The R tree
3.2. Storage@? zy Object
R tree is used to in ork fuzzy object. As showed in Figure 3(b), it is an R tree of

points of same f ject is put at a leaf node, for example the MBR of the fuzzy object O,
is Es which is putted at a leaf node. At the same time the leaf node have pointers pto; and pty
which resp y point to the data and network location of the fuzzy point. The MBR
containin neighbor fuzzy objects is putted at a middle node, for example MBR E;

cw zzy object O, and Osis putted at a middle node. The same approach is used till
de.

the network fuzzy o?’ ssumed the capacity of nodes is 3. The MBR containing the fuzzy

t

4. Constrained Nearest Neighbor Query for Fuzzy Object in the Network

Constrained nearest neighbor query for fuzzy object in the network is involved two kinds
of queries: constrained range query and nearest neighbor query. Here according to the
sequence of the query, the method of query is divided into two types: NN-C and C-NN.
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4.1. The Method of NN-C

The method of NN-C is that the nearest query is done first and the range query is done next
for the result of the nearest neighbor query. In it, at first the R tree of the network location is
visited to confirm the edge viv; that the query object q is on. The objects on the v;v; are viewed
as the candidates. Then the priority query is used to store the visited nodes, which initial value
are node v; and v;. The node v which has the minimum « -distance to q is extracted from the
gueue. While the « -distance between ¢ and v exceeds the minimum « -distance between ¢
and RC, at the same time less than the maximum « -distance between q and RC and maximum
« -distance between g and the candidate objects, the follow procedure carry out: for every
unvisited adjacent node v, of v, the objects exist on the edge wv, is viewed as the candidate,
and everyone of them are checked whether or not satisfying the range constraipt, tho§e
satisfied are putted into the result set.

The pseudo code that is the concrete description of NN-C is showed i 1 In
which confirm(q) denote the operation of confirming the network Q n of q;
confirm(viv;) denote the operation of confirming exist o ts on ViVj; Scover
denote the set of objects on the edge; Candidate_NN he candidate

objects.

Algorithm1. NN-C algorithm Q
Input: degree of membership« , range constrai E of fuzzy object R-

tree, the root node R of network location R- trecg e@ number of the nearest
neighbor query k \
Output: CKNN

O
CKNN =7 \% s&

viv; =confirm(q); @

Scover=c0Nfirm (vivj); 6
Candidate_NN= Syer= {Dl,b§ E%\
d___ =d_(q, Dy)/lif then oo Il
Q=<(vi.d, (g, v% . (@, VJ)%

De-queue the n Q wit llest d (g, V),

while d @ ( )and d (V) <min(d. _.d. (g RC)
for each VISIte

@ acent node v, of v do
Scover= confirm

Candidate NN

C andidate_NN o Scover;
a-max a(q’Dh);

2
En- o d, (A W) ;
@ ue the next node vin Q

ile | CKNN | <k

for each object D in Candidate_NN

if De RC then CKNN = CKNN o D
| CKNN |= | CKNN [+1;

return CKNN;
NN-C algorithm uses the minimum and maximum « -distance between g and RC to be the
boundary to decrease the pages visited, so as to decrease the operation of 1/O.
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4.2. The Method of C-NN

The method of C-NN is that the range query is done first and the nearest neighbor query
next. In it, at first the fuzzy object in the constraint area are confirmed, and the k nearest
neighbor set of free space in the constraint area is found to be the candidate set. Then the
network location of the query and candidate object is confirmed. The Dijkstra algorithm is
used to compute the « -distance between gquery and candidate object. The candidate object is
putted into the priority query according to the ascending order of their « -distance to query
object. For the other fuzzy object in the constraint area, the follow procedure carry out: the
next Euclidean nearest neighbor of query object is found, and if its Euclidean distance to
query object is less than the maximum « -distance of the object in the queue, its« -distance to
query object is computed and compared to the maximum« -distance, if less, it will e putted
into the queue. The maximum « -distance of the object in the queue is computed ﬁ\/

The pseudo code that is the concrete description of C-NN is showed in 2. In
which R_result denote the result set of range query. E_NN denote the s clidean
nearest nelghbor of query object g in constraint range; e t E NN e the next

between g and candidate object D.

Euclidean nearest neighbor of g in constraint rab D) d
Algorithm2. C-NN algorithm

Input: degree of membership« , range constrain , the roo E of fuzzy object R-
tree, the root node R of network location R- tre@:ery Obj% the number of the nearest
neighbor query k N O

Output: CKNN

CKkNN =.® ; \%\

R_result= {D1,D,,...,.Dn};

E_NN= {D;,Dy,...D}: A@ X
vivj=confirm(q) ; \

for each object D in E
ViV, —conflrm(D)

compute d (Q% %
CKNN = {D,,IhoN D}
o Q

a—max

for object DYR_resu

next_E_NN(q) D)) ;
if dg(q,D)< %n

compute & (q,D) ;
ith,D) <d, .. then
ert D into CKNN;

??O d, =0, (@D
rewdrn CKNN;

For the compute cost in free space is less than in network, and the cost of approximate
compute is less than accurate compute, the C-NN algorithm decrease the compute in network
and postpone the accurate compute by using the sub-bound characteristic of the Euclidean
distance, consequently decrease the CPU-time and the 1/O cost.
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5. Experimental Evaluation

In this section we present the results of the experimental analysis of the methods in the
paper. We implemented all our methods in Visual C++6.0. All the experiments are run on a
Windows XP with 2.0GHz dual-core processors and 1GB of memory.

The experimented network comes from Digital Chart of World. In order to simulate real-
life conditions, we use a spatial network of |N|=100,000 segments, representing main roads
and form a connected graph. The constraint range is a square area random cut according to
the proportion of the maximum diameter of the road network, denoted by RC=the edge length
of RC/the diameter of the road network. In order to control the density of the fuzzy data, we
use synthetic datasets with cardinalities in the range 0.01|N| to 0.1|N|. The distribution of the
fuzzy data follows the network distribution. The page size of the data structures is sgrt to 4K.

The LRU buffer which accommodates 10% of the network and R-tree separately is.e ed
to participate in the experiment. For every experiment, we execute workloads_of eries,
and the average of the results is used to compare the C-NN algorithm and NN- rithm in

terms of CPU time and I/O cost.

Experimentl. It is to test the effect of fuzzy data size to ?%rforma the algorithm.
The result of the experiment is showed in Figure 4 a =0.8.

150
glzo %
o 90
E
X 60
E ; W bk
O 30 ’_'_‘
0 1 I
The size of dataset (KB)
(b)The effect to I/0O cost
Figure 4. The Size to the Performance of the Algorithm
When th Qsmall r the fuzzy data are far from the query object, NN-C
algorithm in e man essary computation of the network distance and visit to
the page, its CPU i d I/O cost are all high. When the size increases, the

better because the\raige query make only the necessary network edges are visited and

performance of NN- proves. On the other hand, the performance of the C-NN is
the correlatea daéis in the buffer with high locality.

Experim It is to test the effect of constraint range to the performance of the algorithm.
The resul t e experiment is showed in Figure 5, for the size of dataset is 20KB, k=10

and « g:
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Figure 5. The Effect of RC to the Performance of the Algorithm

The CPU time and 1/O cost of two algorithms all increased with RC Med

because for NN-C the prune area which limited by the minimum and um « -
distance between q and RC augment and for C-NN the election functign of decline
When the RC is small the CPU time of R-NN less th R evi nd the 1/O
cost of C-NN less than NN-C all the time.

Experiment3. It is to test the effect of quer r to th ormance of the
algorithm. The result of the experiment is showe |gure e size of dataset is
20KB, RC=0.01 and « =0.8. The performance o 0 algo aII descend, but the
degree of descend is difference: the NN-C G@nd evid because the computation
of network distance and the page visited sed with query number increasing,
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Figure ffect of k to the Performance of the Algorithm

Expenment4®o test the effect of « to the performance of the algorithm. The result
of the expew 13 showed in Figure 7, for the size of dataset is 20KB, RC=0.01 and k=10.
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Figure 7. The Effect of ¢ to the Performance of the Algorithm
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With the « increasing, CPU time of two algorithms decreased a little because the
computation of distance between nodes needed decreased. On the other hand, the effect of «
to 1/0 cost is little because the visit to fuzzy object completed at one time.

6. Conclusion

We attempt to use the fuzzy set theory to solve the problem of constrained nearest
neighbor query for uncertain object in the network, and give two methods: C-NN algorithm
and NN-C algorithm. Experimental results show that two algorithms have different
performance in different condition. The C-NN algorithm excels the NN-C algorithm at most
time. The further research is that the range and nearest neighbor query be considered at the
same time, so as to make the constrained nearest neighbor query more efficier\in/the

network.
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