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Abstract Cognitive radio networks achieve spectrum sharing by utilizing the idle periods of licensed bands via dynamic 
spectrum access technique. Spectrum characterization and prediction help perform more efficient spectrum sensing 
and then optimize spectrum access strategy. In the paper, UTD-HDP, a nonparametric Bayesian model, was introduced 
by extending the standard HDP(Hierarchical Dirichlet Process) to perform utilization data clustering and distribution 
parameters estimation. Using this model, we characterized the features of spectrum utilization adaptively and predicted the 
future spectrum utilization with high accuracy.
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Fig. 2 Probability distribution of days for each pattern
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Fig. 5 Probability distribution of patterns in channel 1-9
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Fig. 3 Probability distribution of time for each pattern
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Table 1 Comparison result of MSE of prediction using ARIMA and UTD-HDP
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Fig. 6 Prediction result using UTD-HDP
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