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Abstract: To realize region segmentation of point cloud data, a kind of mixed algorithm (SPSO—FCM
algorithm) based on improved particle swarm optimization and fuzzy-C means clustering was intro-
duced. Aimed at local minimum easily to be captured untimely in point cloud clustering process, im-
proved particle swarm optimization algorithm-social particle swarm optimization algorithm was used
firstly to initialize population in the algorithm. By setting different follow thresholds for each particle,
variety of individual in population was maintained and the global search degree of population was en-
hanced to avoid falling into the local minimum. Then the current optimal position of each particle in

population and optimal position of initial population were set to update position of free particle and
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speed and position of following particle. Finally, fuzzy C-means clustering algorithm was adopted to
solve membership matrix and determine fitness function. On the basis of above, optimal position of all
particles were updated and position superiority of particle and population were judged to gain correct
clustering center and to realize region segmentation of point cloud data. Took point cloud model with
inconsistent surface complexity as example to verify algorithm and discuss feasibility of SPSO-FCM
clustering algorithm and compare with FCM clustering algorithm and genetic FCM clustering algo-
rithm. Experimental result shows that compared with other 2 algorithms, SPSO-FCM clustering algo-
rithm has quicker convergence rate and less iteration with more correct clustering and clearer boundary
region segmentation, and especially for point cloud data segmentation of mechanical components and
parts with complex molded surface and numerous point cloud data, it can get better segmentation re-
sult.

Key words: Point cloud data; region segmentation; particle swarm optimization algorithm; fuzzy clus-

tering
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