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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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Algorithm 1 Gibbs sampling for UTD-HDP
//Initialization
for all channels j <[1,J], do

forall datas ie[l,n,], do
initialize €, randomly
end for
for all classes k €[1,K], do
initialize m, randomly
end for
end for
compute Xu‘,(,c_,X/’k,Xd,k,n/.k

compute @ =(¢,,....%,.9,)
// burn-in period
for iterations iter e[l,iter,, ]

// Gibbs sampling process
for all channels j <[1,J], do

forall datas i€[l,n,], do
sample 6,
update D ,X[’k,Xd)k,njk

end for
for all classes & €[1,K]

sample m,
end for
end for
sample @ =(¢,....0,,9,)
end for
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Fig. 1 Gibbs sampling algorithm for UTD-HDP
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