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> Surface fluxes (e.g., latent heat flux LH) are sensitive to major hydrologic _ , _
parameters in CLM4 at various flux tower sites. » MCMC-Bayesian approach for generating posterior samples

> To evaluate the feasibility of developing surrogate models as alternative to »~ Surrogate evaluation: surrogates to be included as the forward model need
computationally demanding  CLM simulator for model parameter to pass the cross-validation (e.g., RMSEs of fitting for both randomly chosen
estimation training and testing sets < 15%)

>~ To evaluate applicability of several MCMC-Bayesian inversion strategies for Modifications when surrogate development is difficult for certain data points:
model calibration at flux tower sites with various field conditions » Uses a composite model by add a kriging component to the fitting

» To evaluate parameter transferability errors, that is, to constructs surrogate models of quadratic + kriging,

> inverting hydrologic parameters in CLM4 using surface flux and streamflow then set up the likelihood and the prior and uses adaptive MCMC as
observations . before

Study sites and parameterization makes a surrogate (e.g., quadratic) model for a subset of the

»~ Ten hydrologic parameters were selected because of their significant parameter space close to the ‘true’ parameter set. A classifier is

impacts on surface and subsurface runoff, latent and sensible fluxes, needed (e.g., using tr_eed Iinear_ models) to define such a ‘good’
and soil moisture. subspace for generating posterior samples.

» Parameter screening with an UQ framework that integrates quasi- ~ Assume uncorrelated vs time-correlated errors.

Monte Carlo sampling, minimum-relative-entropy theory for defining . .
priors, and statistical parameter significance tests. Validation of surrogate models
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Figure 1. Geographic locations of the selected flux towers.
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Figure 2. parameter significance scores at different flux tower sites. g | 4 s
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Surrogate development 2t g - e » Parameter screening is necessary to make the inverse problem less ill-posed.
h . ] ] ] £ » Surrogates, integrated with MCMC-Bayesian, enables efficient CLM model calibration
Tested up t? o 3 orger POIyr,]O,m'al models s | lamae  Toodazi 3 Blaiy Tl rloiain) 43 = Task parallel computing enables simultaneous CLM simulations for parameter
IOg(LH):ZizlzjzlszOZ,zoaijPi Py (k+D)<5 LIl TRt e e Ctiia P T e R Ay screening and then surrogate developments purposes .
~ Feasibility of surrogate development needs to be checked before model calibration
given CLM-simulated LH with 256 parameter sets generated using quasi Figure 4. posterior distributions of parameters with Figure 4. posterior distributions of parameters with ~ Screening of unrealistic combinations of parameter sets might be necessary where

Monte Carlo sampling. A separate LH surrogate is created for each month composite models, and observation rank for validation. subspace surrogates, and observation rank for validation. Inconsistent or extremely nonlinear relationships exist between the response variables
' ' and unknown parameters to be estimated.

CrOSS'\_/a"qation is conducted by separating the data into training and testing » Parameter transferability is to be summarized by studying more field sites that can be
sets. Finalized surrogates are quadratic. grouped into classes of similar climate and soil conditions.
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