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are much larger than those predicted by linear analysis.
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Obijective: Develop methodology for high-resolution estimates, with uncertainty, for

Objective: Propagate uncertainty from runoff to surface flows.§
groundwater and total water storage for the Western U.S.

Check agreement of model + uncertainty with
the 1562 USGS gauges in the Western U.S.

(domain, at right; hydrograph, panel (a)). Method combines virtues of remote sensing data and process models.

 GRACE: spatially-coarse but unbiased observation of water storage anomalies.
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Errors from a monthly block length can be extrapolated to daily (panel (c)). * Infer high-resolution total water storage (TWS) through Bayesian statistical model
that combines the two data sources.

* Uncertainty estimate is a key benefit of the Bayesian approach.

A local/regional spatial error decomposition allows error propagation in time similar to
the flow computation itself. Capturing spatial co-variation is critical.
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Propagated errors (panel (d)) show order-of-magnitude agreement, but also indicate Statistical Model is overlaid upon:
significant unquantified error in runoff. More: David et al., GRL, 2019. « GRACE = True low-resolution TWS + Random error
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Figure: Example TWS data from GRACE (a) and VIC historical run (b)
for April 2012 with corresponding combined TWS estimate (c) and high-
resolution standard error (d).
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Conventional uncertainty propagation is insufficient to correctly assess errors of JPL
data products. FY17 workshop identified these UQ needs: a written UQ best-practice
methodology (addressed partly by OSUE methodology); derivation of spatial
covariances as well as point-by-point standard errors; methods to verify retrieval
standard errors. Results in streamflow uncertainty underline the importance of
quantifying spatial covariances.

Streamflow uncertainties are crucial for assimilation of coming SWOT surface water
measurements, and three publications from this work have addressed this problem.
Similarly, uncertainties for high-resolution groundwater are important for water
management applications to realize the potential of GRACE measurements.
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