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Bayesian state and/or parameter estimation

• MCMC
(e.g. Metropolis, Metropolis-Hastings, 

Adaptive Metropolis, ...)

• Published papers
(Campbell, Fox & Bates , 1999, WRR, 35(1); 

Bates & Campbell , 2001, WRR, 
37(4); Marshall, Nott & Sharma , 
2004, WRR, 40(W02501); Smith & 
Marshall , 2008, WRR, 44(W00B05).

• Particle filters
(e.g. Bootstrap, Importance Sampling, 

Sequential Monte Carlo, ...)

• Published papers
(Moradkhani, Gupta & Sorooshian , 2005, 

WRR, 41(W05012); Vrugt, et al. , 
2005, 41(W01017), Weerts & El 
Serafy , 2006, WRR, 
42(W09303);Liu & Gupta , 2007,
WRR, 43(W07401)

Water Resources Research
• 27 papers in last 10 years on parameter estimation in 

hydrology/rainfall-runoff modelling



Conceptualised rainfall-runoff models
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Model parameters

Forward model ( time evolution of state)

Observational model

Likelihood
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Metropolis-Hastings Alg.
(Hastings 1970) Samples will asymptotically 

converge to the desired 
posterior distribution
• test for convergence:

Gelman & Rubin (1992)

( Proposal )

MCMC: Metropolis-Hastings sampler 
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Application: parameters of C-H20-Energy model



Delayed-Rejection Adaptive-Metropolis (DRAM)

• DRAM: Efficient adaptive MCMC 
– (Haario et al, 2006, Stat. Comput., )

• Two attractive features
– Adaptation

• Covariance on the proposal distribution is constructed using previous values in 
the chain

– Delayed Rejection
• Reduces the probability of remaining on the current parameter (by having 

multiple proposal stages)

• Increases search of parameter space
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Synthetic runoff generation: Simhyd



DRAM: Simhyd parameter estimation

Obs
Error
Variance = 0.1



Obs
Error
Variance = 0.01

DRAM: Simhyd parameter estimation



Obs
Error
Variance ~
Inv. Gamma dist
(still need shape 
And scale 
Parameters)!!

DRAM: Simhyd parameter estimation

0.00045
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Maximising this

minimising this.
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Particle filters: bootstrap filter
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Bootstrap filter
(Gordon et al., 1993)

Big issue: degeneracy
Over time weights begin to 
concentrate on a few particles

Effective sample size

�
= N

i

i
t

effN
)(

1

w



Particle filtering: Hymod parameter estimation



Particle filtering: Hymod parameter estimation



Particle filtering: Hymod parameter estimation



Particle filtering: Hymod parameter estimation



Particle filtering: Hymod parameter estimation



Particle filtering: Hymod parameter estimation
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Same:
• Parameters,
• ET,
• Initial conditions

Uncertainty on forcing data,  …



Catchment PPT 
data

INSC SMSC SUB CRAK K s2

410038
SILO 4.70 373 0.0530 0.352 0.218 0.160
TRMM 0.67 228 0.0873 0.712 0.117 0.395

410048
SILO 2.61 185 0.00133 0.014 0.0125 0.0101
TRMM 2.34 270 0.00163 0.036 0.0210 0.0105

DRAM applied to REAL stream 
flow data for two different
catchments  (G. Sutton, CMIS)

Two different forcing rainfall 
datasets yielding very different 
Parameter estimates

Uncertainty on forcing data,  …




