Wireless Link Simulations using Multi-level Markov Models

Ankur U. Kamthe, Miguel A. Carreira-Perpifian and Alberto E. Cerpa
University of California, Merced

Introduction Multi-level Markov (M&M) Model Model Evaluation

Sy

Modeling the behavior of 802.15.4 links is a 100011111, 10001110, (00011111, 00011110, e For each link, learn model parameters given data traces of length 230,400 (¢); = 6, Q2 = 2 and M = 20).
non-trivial problem because of the widespread
heterogeneity in the quality of any given link over
time. Moreover, links experience different level

e For each model, sample a long sequence and compared performance on the basis of: (1) Packet Reception
Rates (PRR), (2) Distributions of run lengths of 1’s and 0’s, and (3) Conditional Packet Delivery Function

of dynamics at short and long time scales, which (CPDE).
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of Multivariate Bernoullis (MMBs)[2] for modeling Level-1 hidden Markov model (L1-HMM) with time (minute) time (in minutes)
the long and short time scale behavior of links in g =1,...,0Q; states models transitions between (c) PRR variation of original trace (d) PRR variation of M&M trace
wireless sensor networks. long-term dynamics. Each long-term state ¢ has
its own distribution p(x|q) of emitting binary - e The simulated traces (see Figure (d)) are able to capture the long term dynamics quite accurately when
windows, capturing the short-term behavior. compared to the original traces ( see Figure (c)).
|V|Ode|ln9 APPFOaCh Level-2 or short-term models: e Overall, the average difference between the PRR of the simulated and the original trace was less than
1 2.5% whereas the average standard deviation of the simulated link PRR was 0.004.
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. . M&M model is done by maximizing the log- . S . .
Long-term dynamics: from F1g}1re (a), we f)b' likelihood of the given data set over all the e Figure (e) and (f) plot the distributions of run lengths and CPDFs of 0’s and 1’s for the original and sim-
serve that over a period of minutes the link model parameters. ulated traces, respectively. We can see that the M&M traces are able to simulate the longer runs/bursts
seems to switch between two states: one with as seen in the training trace.
PRR ~ 0.3 and the other with PRR ~ 0.86.
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