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Abstract Although a number of variants of 2D HMM have been proposed in the literature, they
are not HMM in a rigorous sense. Distinct from the prevalent but oversimplified Marlov random field,
the new proposed model is a hidden Markov mesh chain or a 2D HMM with the causality of top—down
and left-right direction. With lattice constraints, the algorithms for model estimation and maximum
likelihood estimation of model parameters are developed in theoretical perspective. The latter algorithm
is carried iteratively, and shown to converge to and produce a local optimum parameter set.
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