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In the beginning:  using data assimilation (DA) for numerical weather forecasting   

1950s: Electronic Numerical Integrator and Computer (http://en.wikipedia.org/wiki/ENIAC)  



In the beginning:  using data assimilation (DA) for numerical weather forecasting   

1950s: Electronic Numerical Integrator and Computer (http://en.wikipedia.org/wiki/ENIAC)  

Today:	  NOAA	  GFDL	  Hurricane	  Model	  (h+p://www.gfdl.noaa.gov/operaGonal-‐hurricane-‐forecasGng)	  
	  	  



Why	  can’t	  we	  do	  this	  for	  the	  ocean?	  

h+p://radar.weather.gov/index_lite.htm	  

2)  Oceanography	  goals	  that	  cannot	  be	  
	  	  	  	  	  	  met	  via	  short-‐term	  predicGon	  methods:	  

	  	  	  	  -‐	  Long	  &me-‐scale	  predic&ons	  
	  	  	  	  -‐	  Understanding	  governing	  physics	  
	  	  	  	  -‐	  Closing	  heat,	  energy,	  water	  budgets.	  

1)  No	  predicGon	  and	  observaGon	  infrastructure	  like	  the	  NaGonal	  Weather	  Service.	  
	  



World	  Ocean	  CirculaGon	  Experiment	  	  

Largest	  sources	  of	  error	  in	  ‘synopGc’	  
transects:	  temporal	  variability.	  	  
Thus	  ocean	  must	  be	  treated	  as	  a	  
fundamentally	  &me-‐varying	  system.	  	  

15-‐day	  low-‐pass	  filtered	  transport	  	  
fluctuaGons	  across	  A05	  (Rayner	  et	  al.,	  2011)	  



Generic	  model	  of	  a	  physical	  system:	  model	  state	  

where:	  
t	  	  	  	  	  	  	  	  	  	  is	  Gme,	  discrete	  at	  intervals	  Δt	  
	  
x(t)	  	  	  	  	  	  is	  the	  model	  state	  at	  Gme	  t	  
	  
x(t-‐Δt)	  is	  the	  model	  state	  at	  the	  previous	  Gme	  interval	  
	  
q(t-‐Δt)	  are	  the	  known	  forcings,	  sources,	  sinks,	  boundary	  and	  iniGal	  condiGons,	  and	  internal	  	  	  	  	  	  	  	  	  

	  	  	  	  	  model	  parameters,	  at	  the	  previous	  Gme	  interval	  
	  
u(t-‐Δt)	  	  are	  control	  variables:	  any	  such	  elements	  that	  are	  regarded	  as	  only	  partly	  or	  wholly	   	  	  	  	  	  	  

	  	  	  	  	  	  unknown,	  hence	  subject	  to	  adjustment;	  and	  model	  errors	  
	  
L	  	  	  	  	  	  	  	  	  	  	  	  is	  an	  operator	  and	  can	  involve	  any	  mathemaGcally	  defined	  funcGon.	  In	  pracGce,	  a	   	  	  	  	  	  	  

	  	  	  	  	  	  computer	  code	  working	  on	  arrays	  of	  numbers.	  
	  



Generic	  model	  of	  a	  physical	  system:	  model	  ‘observaGon’	  

where:	  
t	  	  	  	  	  	  	  	  	  	  is	  Gme,	  discrete	  at	  intervals	  Δt	  
	  
y(t)	  	  	  	  	  	  is	  an	  observaGon	  at	  Gme	  t	  
	  
x(t)	  	  	  	  	  	  is	  the	  model	  state	  at	  Gme	  t	  
	  
n(t)	  	  	  	  	  	  is	  the	  noise	  in	  the	  observaGons	  at	  Gme	  t	  
	  



Generic	  model	  of	  a	  physical	  system:	  straight	  line	  example	  (1)	  



Generic	  model	  of	  a	  physical	  system:	  straight	  line	  example	  (2)	  



Generic	  model	  of	  a	  physical	  system:	  straight	  line	  example	  (3)	  



Generic	  model	  of	  a	  physical	  system:	  straight	  line	  example	  (4)	  



Constrained	  opGmizaGon	  problem	  

1st	  and	  2nd	  moment	  observaGonal	  noise	  1st	  and	  2nd	  moment	  controls	  

and	  

For	  Gaussian	  data	  and	  controls,	  we	  seek	  to	  minimize	  the	  scalar	  term:	  	  

where	  	  	  	  	  	  	  	  and	  	  	  	  	  	  	  	  exactly	  saGsfy	  model	  equaGons	  	  

and	  R(t)	  and	  Q(t)	  are	  weights	  given	  by	  the	  variances	  of	  observaGonal	  noise	  and	  controls,	  
respecGvely:	  	  



DA	  and	  reanalysis	  products	  

Data	  assimilaGon	  seeks	  to	  minimize	  the	  variance	  of	  the	  state	  about	  the	  true	  value	  someGme	  in	  the	  future:	  

Thus	  opGmizaGon	  problem	  seeks	  to	  minimize	  scalar	  

Where	  

is	  a	  future	  predicGon	  

is	  the	  data	  variance;	  and	  	  

is	  the	  observaGonal	  noise	  variance	  



Issues	  with	  reanalysis	  products	  
1)	  Spurious	  trends	  due	  to	  changes	  in	  the	  observaGonal	  systems	  	  

Mean	  annual	  precipita&on	  minus	  evapora&on	  over	  the	  Antarc&c	  as	  a	  
func&on	  of	  &me	  in	  the	  ECMWF	  reanalysis	  ERA-‐40	  	  
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Issues	  with	  reanalysis	  products	  
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Calculated	  trends	  (meters/
second/year)	  in	  the	  10-‐m	  
zonal	  wind	  fields	  at	  high	  
southern	  la&tudes	  



Issues	  with	  reanalysis	  products	  
1)  Spurious	  trends	  due	  to	  changes	  in	  the	  observaGonal	  systems	  
2)  Failure	  to	  close	  budgets	  
3)  Data	  density,	  type	  and	  handling	  dominates	  climate-‐scale	  trends	  
4)  Cannot	  be	  used	  for	  predicGon:	  the	  Parable	  of	  the	  Cubic	  Polynomial	  

Calculated	  trends	  (meters/
second/year)	  in	  the	  10-‐m	  
zonal	  wind	  fields	  at	  high	  
southern	  la&tudes	  



ECCO	  

…and	  SOCOM	  



ECCO	  assimilated	  data	  



ECCO-‐ProducGon	  version	  4:	  global	  heat	  transport	  

error	  bars	  are	  
standard	  error	  
about	  the	  
mean;	  	  
	  
red	  dots	  show	  
esGmates	  from	  
observaGons	  
(Ganachaud	  
and	  Wunsch,	  
2002).	  

annual	  cycle	  included	  

annual	  cycle	  removed	  



ECCO	  v3.73:	  Top-‐to-‐bo+om	  transport	  streamfuncGon	  	  



EsGmaGng	  uncertainGes	  

Determining	  the	  true	  uncertainty	  in	  a	  state	  esGmate	  remains	  a	  difficult,	  unsolved	  problem.	  
What	  can	  we	  use	  in	  the	  meanGme?	  	  	  

Standard	  error	  from	  temporal	  variability	   Sensi&vity	  studies	  



EsGmaGng	  uncertainGes	  

Determining	  the	  true	  uncertainty	  in	  a	  state	  esGmate	  remains	  a	  difficult,	  unsolved	  problem.	  
What	  can	  we	  use	  in	  the	  meanGme?	  	  	  

Direct	  comparisons	  between	  observa&ons	  and	  model	  output	  

CTDs	  
SOSE	  
cDrake	  



cDrake	  C-‐line	  temperature	  transect,	  Nov.	  and	  Dec.	  2008	  

cDrake	  
SOSE	  
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C-‐line	  temperature	  transect:	  SOSE	  0	  and	  SOSE	  32	  	  
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C-‐line	  temperature	  transect:	  Improvement,	  SOSE	  0	  to	  SOSE	  32	  	  

Percent improvement, SOSE 0 to SOSE 32: "
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SOSE/cDrake	  τ	  anomaly	  comparison:	  RMS	  error	  for	  three	  SOSE	  iteraGons	  

Full-‐depth	  τ	  anomaly	  at	  cDrake	  
array	  locaGons,	  2008-‐2009,	  
RMS	  error:	  
	  
	  
	  
for SOSE 0   (ms) = 3.7"
for SOSE 13 (ms) = 3.3"
for SOSE 26 (ms) = 2.9"
"
Normalized	  RMS	  error:	  
"
"
"
for SOSE 0   = 1.7396"
for SOSE 13 = 1.6357"
for SOSE 26 = 1.4074"
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SOSE	  26	  RMS	  error	  

SOSE	  26	  normalized	  RMS	  error	  
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