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Summary

An adaptive estimator to estimate the water quality in a river under
unknown biased measurements environment is developed. In modeling the
unknown measurement bias, it is assumed that the bias sequence is governed
by semi-Markov process. By incorporating the semi-Markov probability
concepts into the Bayesian estimation theory, an effective adaptive estimator
which consists of parallel Kalman-type filters is obtained. Especially, bias
resetting algorithm is developed by employing the moving average of estimated
bias. Computer simulation results for the multiple-reach river system show that
the proposed adaptive estimator have enhanced estimation performance in spite

of the unknown randomly switching measurement bias.
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Fig. 1. A schematic diagram of water quality monitoring system in a river.
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