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Effects of downsampling on hyperparameter estimation for Markov random field
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We investigate effects which downsampling has on latent-variable estimation from image data. Downsampling
is essential for imaging techniques since spatially continuous objects are recorded as discrete data. In this study,
first, we formulate a generative model and a cognitive one of imaging processes with downsampling by Markov

random field models.

Next, based on the cognitive model, we explain a method of hyperparameter estimation

in the framework of Bayesian inference. Then, we conduct numerical simulations to examine Bayesian posterior
distribution and indicate that downsampling causes characteristic biases. Finally, we discuss the biases focusing
on the relation between the generative and cognitive models.
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