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6.	  Calibra*on	  with	  OF3	  using	  ESA-‐CCI	  soil	  moisture	  

2.	  Study	  domain	  and	  mesoscale	  Hydrologic	  Model	  (mHM)	  
mHM	   [1]	   is	   a	   distributed	  model	  
which	   treats	   grid	   cells	   as	  hydro-‐
logic	  units.	  mHM’s	  key	  feature	  is	  
the	  Mul*scale	  Parameter	  Regio-‐
naliza*on	  technique	  (MPR).	  	  

3.	  Calibra*on	  objec*ves	  
	  
	  

Towards	  constraining	  hydrologic	  models	  using	  satellite	  retrieved	  soil	  moisture	  

1.	  Mo*va*on	  
Hydrological	  models	  are	  usually	  calibrated	  against	  observed	  discharge	  at	   the	  catchment	  
outlet	   and	   thus	   are	   condi*oned	   by	   an	   integral	   catchment	   informa*on.	   This	   procedure	  
does	  not	  take	  into	  account	  any	  spa*o-‐temporal	  variability	  of	  fluxes	  or	  state	  variables	  and	  
can	  lead	  to	  uncertain*es	  in	  model	  internal	  states	  as	  e.g.	  soil	  moisture	  (SM).	  Satellite	  data	  
may	  help	  to	  beMer	  constrain	  model	  parameters.	  	  
The	   first	   objec*ve	   of	   this	   study	   is	   to	   calibrate	   a	   hydrological	  model	   with	   synthe*c	   soil	  
moisture	  data	  to	   inves*gate	  the	  skill	  of	  different	  objec*ve	  func*ons	   (OF)	   for	   recovering	  
model	   parameters.	   The	   different	   approaches	   aim	   either	   for	   spa*al,	   for	   temporal	   or	   for	  
spa*o-‐temporal	   matching	   of	   the	   two	   paMerns.	   A	   second	   objec*ve	   is	   to	   calibrate	   the	  
hydrologic	  model	  with	  ESA-‐CCI	  satellite	  soil	  moisture	  using	  the	  superior	  OF.	  

MaIhias	  Zink,	  Juliane	  Mai,	  Oldrich	  Rakovec,	  Mar*n	  Schrön,	  Rohini	  Kumar,	  David	  Schäfer,	  and	  Luis	  Samaniego	  
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7.	  Conclusions	  
•  SM-‐sensi*ve	  parameters	  should	  be	  considered	  if	  deciding	  for	  an	  appropriate	  OF.	  
•  Objec*ve	  func*ons	  aiming	  on	  temporal	  paMerns	  of	  SM	  almost	  recover	  SM-‐sensi*ve	  parameters.	  
•  SM	  is	  not	  sufficient	  to	  constrain	  model	  parameters	  for	  discharge	  predic*on.	  
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Two	  dis*nct	  European	  basins	  
a	  –	  Neckar	  (humid	  climate)	  
b	  –	  Guadalquivir	  (semi-‐arid	  climate)	  
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The	   model	   parameters	   which	   are	  
sensi*ve	  to	  soil	  moisture	  are	  determined	  
due	  to	  a	  sensi*vity	  analysis.	  

5.	  Determining	  the	  appropriate	  objec*ve	  func*on	  (synthe*c	  dataset)	  

4.	  SM-‐sensi*ve	  parameters	  
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