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Abstract Traditional clustering algorithms based on density can not overcome the shortage with a variety of constraints
in the existing clustering algorithm based on the density proposed. This paper proposed a clustering algorithm based on
density with a variety of constraints, The algorithm introduces a variety of constraints into clustering algorithm to ana-
lyze the clustering results affected by a variety of constraints. Experimental results show that the algorithm in a multi-

constrained condition can complete a cluster analysis of the data points, and can obtain a better clustering results, pro-
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vides a good theoretical support for really dealing with multiple constraints clustering.

Keywords Multiple constraints limit, Density, Clustering
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Input;a data set D, Eps, Minpts, a relative matrix R, Obstacle O(u; ,
uz)

Output:a set of cluster C={C;,Cz,--,Cy} and noise data

1. for each dataPoint o€ D do

2. IsCore=RegionQuery();



3. if(IsCore)

4. a data set S

5. =FindDensityReach(o) ;

6. for each S;do

7. RS0 >=T)

8. //PIBURE AR

9. if (IsCross(Siosuruz))

10. / /HEZE R e B R B Y

11. DataDistance(S;,0) =

12. ObstacleDist(Si,0) ;

13. if (DataDistance(S;,0)<.=Eps)
14. S;—>o;

15. else

16. DataDistance(S;,0) =c0;
17, else

18. o is marked temp noise;

19. repeat the above steps;
20. output C and the noise data;
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