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Abstract: The non-line-of-sight( NLOS ) state was determined by the method of hypothesis testing
for indoor line-of-sight/non-line-of-sight (LOS/NLOS) hybrid environment. And particle swarm
optimization algorithm with shrinkage factor was used to locate. When the sampling value was
abnormal, the performance of sample median was better than sample mean. Minimum square error
cost functions of the sample mean and sample median were established in LOS and NLOS state. In
order to enhance the global and local search ability of the algorithm, the shrinkage factor was
introduced on the basis of particle swarm optimization algorithm. Simulation results show that the
improved particle swarm optimization algorithm based on sample mean and median (IPSOSMM )
has higher localization accuracy than that of the improved particle swarm optimization algorithm
based on sample mean (IPSOSM)and the general particle swarm optimization algorithm when the
NLOS block is serious.
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Fig. 1 Flow chart of the particle swarm optimization
algorithm
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