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Non-parametric Bayesian Learning

Motivation

Spectrum sensing in large-scale heterogeneous cognitive
radio networks (CRNs) is very challenging.
 Traditional methods require a large number of
static secondary users (SUs).
To tackle this problem, we exploit the mobility of multiple
SUs to simultaneously collect spectrum sensing data.
We propose a novel non-parametric Bayesian learning
model, referred to as beta process hidden Markov model
(BP-HMM), to capture the spatial-temporal correlation in
the collected spectrum data. Bayesian inference is carried
out to establish the global spectrum picture.
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Cooperative Spectrum sensing
1. Each CH runs the proposed algorithm and exchanges
information in the form of sufficient statistics and other
parameters
2. CHs transmit the local results to a fusion center

Bayesian Inference
We adopt Markov chain monte Carlo (MCMC) sampling to
infer the hidden state 𝑧𝑧𝑖𝑖𝑚𝑚 . Specifically, Gibbs sampling and
Metropolis-Hasting algorithm are considered. The core
parameters in this model are 𝐟𝐟 m , 𝐳𝐳 m , θ . After initializing
these parameters, in each iteration, we update one variable
with the other ones fixed.

Simulation Results

Spectrum sensing data collected by SU
At sensing index 𝑖𝑖, the sensing sample for the 𝑙𝑙-th
1 ≤ 𝑙𝑙 ≤ 𝐿𝐿 sub-band obtained by the 𝑚𝑚-th SU can be
expressed as
With additive while Gaussian noise and assumption of 𝑠𝑠𝑙𝑙𝑚𝑚
being a complex Gaussian distribution, the sensing
sample can be further written as

Classification results of a CRN configuration (N =3, M = 9)

As SUs are sampling L sub-bands simultaneously, the
final sample is a 𝐿𝐿 × 2 dimension observation following
multivariate Gaussian distribution.

Conclusion
 A non-parametric Bayesian learning based mobile
CSS scheme was proposed for spectrum sensing in
heterogeneous CRNs. This novel scheme significantly
outperforms the traditional methods.

ROC curve performance comparison with other algorithm under the same CRN setup

