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Gaussian Process Regression Model for Physiological Time Series Data
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Gaussian process regression is a flexible analysis framework for modeling nonlinear time-series data based on a
stochastic process. In this paper, we apply the framework to model physiological signals which are obtained by
a mobile physiological sensor. First, we describe an outline of Gaussian process regression. Then, we propose a
framework based on the Gaussian process regression for modeling the physiological sensing data. We also show
experimental results to apply the framework to modeling electrocardiogram.
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