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The discrete-time fractional Brownian motion (DFBM) and its increment process,
discrete-time fractional Gaussian noise (DFGN), are often widely used in natural phenomena and
medical field. These signals largely appear either the prior or the rear. Furthermore, the fact that
these processes can be described by one Hurst parameter with limited range (0,1) makes the
seemingly complicated processes simple and convenient. In application, we can concretely
analyze the difference between different signals by estimating the Hurst parameter.

At present there exist many effective methods to estimate this parameter. However, in
application it lacks of an evaluation method for whether the interested signals are appropriate for
use or not. In this project, we apply conditional entropy and mutual information to assess whether
these signals are appropriate for use or not, i.e., judge these signals whether are deterministic or
random signals. In theory, as two signals are coming from the same system, they have smaller
conditional entropy, but larger mutual information. Since this kind of signals is random noise,
they have larger conditional entropy, but smaller mutual information. We can effectively separate
determinism from randomness on signals via this test and verification.

Keyword: discrete-time fractional Brownian motion, discrete-time fractional Gaussian Noise,
Hurst parameter, conditional entropy, mutual information, deterministic, random.
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