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Abstract The characters of big data are volume.variety,value, velocity,and common hardware and open source. Aiming
at the system inefficiency and limited scalability of traditional relational database in big data analysis, this paper presen-
ted an algorithm of Hash joins in MapReduce distributed environment based on column-store by introducing MapReduce
computing model. First of all, this paper proposed the design of large data-oriented distributed computing models. Then,
it proposed the partition aggregation and the heuristic optimization strategy to realize the implementation of Hash join

algorithm. Lastly, the experiments evaluated execution time and load capacity. The results show that the proposed
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method is effective and can provid good scalability in big data analysis.
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&% 1 Hash Building Phase

HI A :objs: spatial objects of dataset A

it :R: Result pairs

Data:PA:array of partitions of nodes/objects

nodes:array of nodes

.R=0;
Group the objects of A into p partitions PA;
T=Construct the hierarchical partitioning tree on PAj;

. Assign the objects of B to T;

1

2

3

4

5. foreach in € innernodes of T do
6. foreach leal € descendent leaf nodes of in do
7 R<-RUjoin(in. entities.leaf. entities) ;

8. Return R;

&% 2 Hash Join Phase

Hi A :inner:an inner node

it :R:a subset of result pairs

1. Uniformly divide the space to cells of same size;
2. foreach obj € inner do

. C=cells that obj overlaps with;

. foreach cell € C do

. cell. objects <= cell. objects U obj;

foreach I € descendant leaf nodes of inner do
. foreach obja € L do

. C=cells that obja overlaps with;

. foreach cell € C do
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10. foreach objb € cell. objects do
11. if obja overlaps objb then
12.R <= R U (obja,objb);
13. Return R;
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&% 3 Hash Join Probe of load

Hi A :resource of nodes

% tH :node of unload

1. PA=partition objs into partitions of size fo;

. while |[PA[>1 do

. foreach partition p € PA do

=W N

. calculate MBR of p;
make new node n with MBR
set objects inside p as children of n;
insert n into nodes;
5. PA=partition nodes into partitions of size fo;
6. Return PA.
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