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Abstract Aiming at the problem of spatial join query processing.in cloud computing systems, a multi-
way spatial join query processing algorithm BSMWS] is proposed, which is based on Spark platform.
In this algorithm, the whole data space is divided inte grid cells with the same size by grid partition
method, and spatial objects in each type data set are diStributed into these grid cells according to their
spatial locations. Spatial objects in different gridicells are\processed in parallel. In multi-way spatial
join query processing, a boundary filtering méthod issproposed to filter the useless data, which
calculates the MBRs of the candidate results generated by the previous join processing, and uses these
MBRs to filter the subsequent join data/sets. \This allows it to filter out the useless spatial objects,
and reduce the redundant projection and réplication of spatial objects. At the same time, a duplication
avoidance strategy is applied to seduce the outputs of redundant results, and further minimizes the
cost of the subsequent join processing. ‘Many experiments on synthetic and real data sets show that
the proposed multi-way spatial join.query processing algorithm BSMWS] has obvious advantages and

better performance than the existing multi-way spatial join query processing algorithms.
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Fig. 1 Demonstration of data partition and encoding
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Fig. 2 An example of project and replicate operations
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53 L B MBR BB 4 R LT 7E SEEEE T
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¥ BT 3 Y 5% MBR RIS 1 45 [B)XE 42 10524
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Fig. 4 An example of boundary filtering
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Fig. 5 An example of duplication avoidance
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Bk 1. S A AL PR (BSMWSD.

A -3 28 Fi % MR AR RIS ALY L, 2y IX
g fn ki B % (dataSet, , dataSet, , dataSet; ,
dataspaceRange, partitionNumber ,out putFileDir) ;

R AR AR,

[« B ARAE RBUE L+ |

@ def projectOperation (mbr: MBR, extend :

MBR, partitionNumber ; Int) = {
@ ZOrder. getZOrder(mbr, dataspaceRange,
PartitionNumber). map(split Num=>
(splitNum, mbr)) };
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[« Q1 RDD eR#UE X+ |

® def createRdd (sc:SparkContext, filePath:
String) : RDD[ (Int, MBR) ]={

@ sc.textFile( filePath). map(line={

®  val mbr=MBR (line. split(" "))

©® mbr. flatMap Ccur = projectOperation Ccur,

dataspaceRange , partitionNumber)) }) } 5

[ % % 3 AR S PAT G BRAE L 1 RDD = |/

@ RDD, =createRdd(sc,dataSet,) ;

® RDD,=createRdd(sc,dataSet,) ;

©® RDD;=createRdd(sc,dataSet;) ;

@ RDDresult,;, =RDD,. cogroup(RDD;) ;

[ AT ER A ik 8 3% B A AL B+

@ result,, = RDDresult,,. flatMap ( partition
=

@  parExtend= getBound(partition. _2. _1);

2. 2. filter Cmbr

=mbrIntersect (mbr, parExtend) ) ;

@  filterSet = partition.

@  result=TFor (i< filterSet;j<partition. _
2. _1;UsDuplicates (i, g, partition. _19
&. & mbrintersect (i, 7)) yield ( partition.
1,550
® result. flatMap ( pairs = ZOrder.
getZOrder(pairs. _2. _1,dataspaceRanges
partitionNumber ). map CzValue =
(zValue, pairs. 2))) });
[« BEHAE R G 3 AR AT B AL B+
@® RDDresult,,; = RDDresultyy. cogroup (RDD;).
SflatMap(partition =>4
@  parExtend= getBound ( partition. _2. _1);
2. 2. filter Cmbr
=mbrilntersect (mbr, parExtend)) ;
® For (7 <filterSet; j < preSet; U
CisDuplicates (i, j. _1, partition. _1)
& & mbrintersect (i, j. _1))) yield
(partition. _1,(i,j. _1,5. 2))});
[ DRAF B KRGS R + |
RDDresult,ys. saveAsTextFile Cout put FileDir).
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Fig. 6 Execution time of BSMWS]J with the number of
grid cells
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