A Bayesian inversion of hydrological and thermal parameters in the hyporheic zone
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Objective of study Bayesian inversion algorithm Application: uncertainty-quantified
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. One main challenge is that this algorithm is computationally expensive.
We used parallel-computing to increase the computation time of the

Target parameters and forward model Data reduction strategy for field temperature timeseries

study.
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challenging to characterize using a Fourier decomposition only.




