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Improved Adaptive Spatial Points Clustering Algorithm Based on Minimum Spanning Tree
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Abstract: In this paper, we proposed an improved adaptive spatial point clustering algorithm based on minimum
spanning tree (MSTAA in abbreviation) to solve the problems existed in the traditional clustering algorithms.
The first problem of these classical clustering algorithms is that the noise edges are determined using the global
invariant. Another one is that the initial clustering parameters such as edge weight tolerance, edge variation factor,
the number of clusters and initial clustering centers are determined by the users empirically. Furthermore, these
algorithms can't find the noise edges at the local level. Based on these problems mentioned above, the algorithm put
forward in this article aims to overcome the influence of subjective factors by defining two clipping factors.
These trimming factors do not need to be determined by the users and can be automatically obtained according to
the statistical features of the side length in the minimum spanning tree. The detailed realization process is as follows. In
the first place, the pruning operation on the minimum spanning tree from the global level is carried out, which can
eliminate the noises in the global environment. After the first round of tailoring, the initial minimum spanning tree
becomes sub-tree collections. In the second place, in order to eliminate the noises at the local level, the algorithm
performs the second round of pruning operation by setting the adaptive local cutting factor in the light of the side
length statistics of each sub-tree. After the above two rounds of cutting, the MSTAA algorithm will get the final
clustering result. In order to validate the effectiveness of the algorithm, both a simulated data and a practical
application are adopted. By comparing with 4 classical clustering algorithms (k- means, DBSCAN, SEMST,
HEMST), we find that the improved algorithm presented in this paper could find clusters of arbitrary shape and
density in the environment where no one provides experience parameters. At the same time, not only does the
MSTAA algorithm eliminate the obvious global noise points, but also it can distinguish noise points at the local
environment so as to ensure a high similarity degree of cluster point set. All of the features of the MSTAA
algorithm mentioned above make it possible to automatically mine hidden information behind spatial point data.
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