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Abstract Aiming at the problem of high memory occupancy of DBSCAN(Density-Based Spatial Clustering of Applications with
Noise) clustering algorithm., this paper combines the improved DBSCAN clustering algorithm with the parallel clustering calcula-
tion theory of Spark platform,and the clustering and processing methods for massive data are clustered, which greatly reduces the
memory usage of the algorithm. The experimental simulation results show that the proposed parallel computing method can effec-
tively reduce the shortage of memory,and it also can be used to evaluate the clustering effect of the DBSCAN clustering algorithm
on the Hadoop platform,and compare and analyze the two clustering methods to obtain better computing performance. Besides,

the acceleration is increased by about 24 % compared with that on the Hadoop platform. The proposed method can be used to

evaluate the pros and cons of the DBSCAN clustering algorithm in clustering.
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Fig. 1 Clustering calculation flow chart on Spark platform
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Fig. 2 Matrix vector transformation
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Fig. 3 Flow chart of first-stage rough clustering
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Map:
Input:data {q" .+, q*}
ifCexits unvisited point q")
visits q";
if(q" is core point)
q" and neighbours (q",Eps) are a cluster;
q" is core center point;
end
end
for (n=1 to A )
if(q" is not in a cluster)
q" can be a cluster;
q" is non core center point;
end
end
output: (ID, cluster result)
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