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Introduction and Motivation

of any real world processes.

» We treat soil moisture memory as an emergent property of stochastic,
driven (asymmetric) dynamics, moving from one ACF e-folding time to

Determining memory is of fundamental importance for modelling characteristics

In many physical systems, memory arises from correlations between observable
and hidden degrees of freedom, e.g., soil moisture (SM) memory emerges as an
interaction between antecedent SM, Drainage Losses and atmospheric forcing.
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Methodology

Refined framework

Improved Methodology

Theoretical computations

» Time series — Binary Markov process of order m: defined as memory
» Quantified as a convergence time scale of the Block Shannon Entropy (BSE).
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driven (abrupt wetting, threshold-dependent loss), unlike
annual-scale diffusion picture (Delworth & Manabe 1988).
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Dry and wet are not mirror images: Model skew +3.35, reversibility test p<0.01; linear AR(1) is reversible. The landscape -In p(x) has
two wells with soil-moisture—rain feedback, one for AR(1), Residence times differ: model 57 d dry vs 41 d wet.
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The recurrence plot shows dense blocks during dry episodes (color strips mark regimes). Regime memory t(¢) is longer for dry than
wet at every tolerance (model, RR=30%: 14 vs 3 d)
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process (memory less) against non-Markov process gives an
\ important insights into the mechanism of memory

Conclusions

» Information theoretic framework: (Panel 1) soil moisture is a finitary, non-Markov process; memory = 35d (CMZ, GLDAS) and = 21d (COSMOQS).
» Simulation with synthetic time series: (panel 2 and 3) Recurrence extension: dynamics are asymmetric, with abrupt wetting and slow drying, and
metastable dry and wet states with different residence times

The behavior is consistent with McColl et al. (2017, 2019): coarse, ET-dominated estimates overstate memory.
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