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Uncertainty	
  analysis:	
  ScienQsts	
  
and	
  decision-­‐makers	
  need	
  a	
  
beSer	
  understanding	
  of	
  the	
  
uncertainty	
  in	
  data	
  products	
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LIS	
  Architecture	
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  Architecture	
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  Architecture	
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  Architecture	
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Uncertainty	
  EsQmaQon	
  (UE)	
  

Pg.	
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Decadal	
  Survey	
  Era	
  goals	
  w/	
  regards	
  to	
  
uncertainty?	
  

•   Capture	
  important	
  sources	
  
–  StochasQc	
  behavior	
  (forcings,	
  errors)	
  
–  Physical	
  model	
  Qme-­‐invariants	
  (properQes)	
  
–  StaQsQcal	
  parameters	
  of	
  stochasQc	
  model	
  

•   Update	
  with	
  observaQons	
  (“learning”)	
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Surface	
  soil	
  moisture	
  	
  
(SMMR,	
  TRMM,	
  AMSR-­‐E,	
  SMOS,	
  

Aquarius,	
  SMAP)	
  

Snow	
  water	
  equivalent	
  
(AMSR-­‐E,	
  SSM/I,	
  SCLP,	
  

GCOM-­‐W,	
  MIS)	
  

Land	
  surface	
  temperature	
  
(MODIS,	
  AVHRR,GOES,…	
  )	
  

Water	
  surface	
  elevaQon	
  
(Jason-­‐2,	
  SWOT)	
  

Snow	
  cover	
  fracQon	
  	
  
(MODIS,	
  VIIRS,	
  MIS)	
  

Terrestrial	
  water	
  storage	
  
(GRACE,GRACEII)	
  

LDAS	
  

PrecipitaQon	
  	
  
(TRMM,	
  GPM)	
  

RadiaQon	
  	
  
(CERES,	
  CLARREO	
  )	
  

VegetaQon/Carbon	
  	
  
(Landsat,	
  AVHRR,	
  MODIS,	
  
DESDynI,	
  ICESat-­‐II,	
  HyspIRI,	
  

LIST,	
  ASCENDS)	
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Decadal	
  Survey	
  Era	
  goals	
  w/	
  regards	
  to	
  
uncertainty?...	
  

•   Capture	
  important	
  sources	
  
–  StochasQc	
  behavior	
  (forcings,	
  errors)	
  
–  Physical	
  model	
  Qme-­‐invariants	
  (properQes)	
  
–  StaQsQcal	
  parameters	
  of	
  stochasQc	
  model	
  

•   Update	
  with	
  observaQons	
  (“learning”)	
  
•   EsQmate	
  worth	
  of	
  data	
  

•   EsQmate	
  worth	
  of	
  data	
  yet	
  to	
  be	
  collected	
  
(mission	
  simulaQon	
  experiment)	
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Uncertainty	
  EsQmaQon	
  (UE)	
  Case	
  Study	
  

Noah  
Land Surface Model 

Walnut Gulch 
Station Data 

Noah soil moisture PBMR 
soil moisture  
observations 

: porosity 
: saturated matric potential 

: saturated hydraulic conductivity 
:pore size distribution index 

Pg.	
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: porosity 
: saturated matric potential (m) 

: saturated hydraulic conductivity (m/s) 
:pore size distribution index 

Passive	
  (L-­‐band)	
  microwave	
  remote	
  sensing	
  (using	
  NASA’s	
  
push	
  broom	
  microwave	
  radiometer	
  -­‐	
  PBMR)	
  (Monsoon	
  ’90	
  
experiment	
  in	
  SE	
  Arizona)	
  	
  

Cosby et al. (1984) 
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ObservaQon	
  error	
  described	
  
by	
  normal	
  independent	
  
distribuQon	
  with	
  std.	
  dev.	
  
	
  



Uncertainty	
  esQmaQon	
  (UE)	
  

	

   In conducting uncertainty analysis, we acknowledge that many model fits have 
probability.  

	

   How do we correctly generate an ensemble of such solutions (An ensemble that 
reflects the unknown posterior distribution)? 

Bayesian Analysis 
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Bayes’	
  rule	
  

	

   Bayesian inference involves using observations to update/infer the 
probability that hypothesis (set of parameters) is true.  

Array of unobservable, uncertain 
model parameters  

Observations 

A particular model “fit” of  

Exceptionally computationally  
expensive to evaluate with  
standard integration methods 

Prior  
probability of  Posterior  

probability of  

} } 
Likelihood 
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How	
  is	
  the	
  likelihood	
  evaluated?	
  

•  Common	
  likelihood	
  model:	
  independent,	
  normally	
  distributed	
  residuals:	
  Zero	
  
mean	
  ()	
  and	
  constant	
  standard	
  deviaQon	
  (σ)	
  

•  This	
  likelihood	
  model	
  is	
  implicitly	
  assumed	
  in	
  least	
  squares	
  PE:	
  
•  “Results	
  in	
  maximum	
  likelihood	
  soluQon”	
  (given	
  many	
  observaQons)	
  
•  σ	
  falls	
  out	
  of	
  analysis	
  

•  In	
  contrast,	
  here	
  we	
  consider	
  σ	
  to	
  be	
  uncertain	
  (along	
  with	
  hydraulic	
  
parameters)	
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Uncertainty	
  esQmaQon	
  algorithms	
  -­‐	
  MCMC	
  

	

  Markov Chain Monte Carlo (MCMC) method is a stochastic 
simulation that is based on constructing a Markov chain that 
has the desired distribution as its target (posterior).  

	

  Run sufficiently long, the frequency of the states of the 
chain is an estimate of the target distribution. 

	

  The main challenge with MCMC is in reducing the number of 
iterations required to converge to an equilibrium distribution. 

	

  Different implementations of the algorithm exist: 
Metropolis-Hastings, Gibbs, DE-MC, DREAM, etc. 

	

  Can be illustrated with simple random walk (RW) Metropolis 
algorithm… 
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MCMC	
  -­‐	
  GeneraQng	
  candidate	
  soluQons	
  

Current solution Proposed/candidate 
Solution 

*

17	
  



MCMC	
  -­‐	
  Acceptance/RejecQon	
  Test	
  

*

Current solution Proposed/candidate 
Solution 

*

if(R > 1) then accept the proposed solution 
with 100% probability, i.e.,           =  *
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MCMC	
  -­‐	
  Acceptance/RejecQon	
  Test	
  	
  
(building	
  the	
  Markov	
  Chain)	
  

if (R < 1)  
     Accept with probability R 
else  
     Reject the solution  

Current solution 

*

Proposed/candidate 
Solution 

*
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Uncertainty estimation MCMC algorithms  

	

  Random Walk (RW) (Just demonstrated) 

	

  Most straightforward implementation of MCMC 

	

  Slow to converge 

	

  DifferenQal	
  EvoluQon	
  Monte	
  Carlo	
  (DE-­‐MC) (Ter Braak 
et al., 2006) 

	

  Example of a population-based, adaptive 
algorithm 

	

  Borrows concepts from evolutionary search 
strategies (e.g., genetic algorithms) 

	

  We have developed a parallel implementation of 
the algorithm 
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RW	
  MCMC	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  DE-­‐MC	
  

RW 
DE-MC 

Proposal distribution for the step 
 is pre-specified and fixed 

Proposal distribution for the step determined 
by spacing of population  scale continually 
adjusts as posterior distribution is “learned” 

* *
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MCMC algorithm implementation 

DEMC (red), RW (blue) 

	

   RW-MCMC and DEMC were 
implemented to take 
advantage of the efficiency of 
LIS ensemble runs:  
	

   RW: 50 parallel, 

independent chains 
	

   DE-MC: 50 population size. 

Less amenable to 
parallelization: 1 DE-MC 
iteration = cost of 2.5 
MCMC iterations 

	

   Runs initialized with GA-found 
maximum probability solution to 
avoid long burn-in time 

	

   Convergence 
	

   DEMC converges in 

fewer LIS evaluations 
than RW MCMC.  

	

   …but with larger 
computational cost per 
iteration, MCMC 
performs marginally 
better than DEMC in 
wall clock time 
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: porosity 
: saturated matric potential (m) 

: saturated hydraulic conductivity (m/s) 
:pore size distribution index 

Passive	
  (L-­‐band)	
  microwave	
  remote	
  sensing	
  (using	
  NASA’s	
  
push	
  broom	
  microwave	
  radiometer	
  -­‐	
  PBMR)	
  (Monsoon	
  ’90	
  
experiment	
  in	
  SE	
  Arizona)	
  	
  

Cosby et al. (1984) 
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ObservaQon	
  error	
  described	
  
by	
  normal	
  independent	
  
distribuQon	
  with	
  std.	
  dev.	
  
	
  



prior	
  
posterior	
  

Most	
  
probable	
  
(red)	
  

Lookup	
  
table	
  
value	
  

Least	
  
squares	
  
(green)	
  

•  Large	
  ship	
  in	
  probability	
  mass	
  
away	
  from	
  prior	
  

•  CorrelaQons	
  between	
  
parameters	
  

•  Lack	
  of	
  influence	
  of	
  the	
  prior;	
  
small,	
  flat	
  in	
  region	
  of	
  posterior	
  

•  Much	
  uncertainty	
  remains	
  

•  “Best”	
  fits	
  ignore	
  uncertainty	
  
•  Uncertainty	
  remains	
  in	
  error	
  (σ)	
  	
  

Posterior distribution             (marginal distributions) 
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Probabilistic simulation 
LIS 

b)	
  

•  Many model fits are 
consistent with obs 
•  Value of remote sensing = 
reduction in uncertainty 
(and bias) 
•  Needed input to decision-
makers 
•  Important within mission 
simulation experiment 
(OSSE) framework 

prior=blue    posterior=red 
a.   The (time,soil moisture) 

points associated with all 
sample fits (θ); curve is 
the median across fits. 

b.  The probabilistic forecast 
of soil moisture for the 
final time step 

a)	
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Conclusions	
  

•   Demonstrated new Uncertainty Estimation 
capability in LIS (now extending to land 
microwave emissivity modeling, applications 
(landslides)) 
•   The uncertainty reduction is a measure of 
worth of remote sensing observations 
•   For decision-making (science and applications) 
need to understand the uncertainty 
•   Estimated models ignore uncertainty 
•   Ability to simulate multiple truths is important 
in mission simulation experiments (OSSEs) 
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Challenges	
  

•   Better priors (uncertainty reporting in 
soil texture—property relationships is 
terrible) 
•   Need more realistic forms of error 
models 
•   Continued advancements in algorithms & 
computing 
•   Integration with Data Assimil. systems 
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Conclusion:	
  Capitalizing	
  on	
  
algorithmic	
  and	
  compuQng	
  
advances,	
  uncertainty	
  analysis	
  via	
  
Bayesian	
  methods	
  can	
  provide	
  
needed	
  input	
  for	
  scienQsts	
  and	
  
decision-­‐makers	
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