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Perspec7ves	  of	  Data	  Assimila7on	  

•  Two	  main	  perspec7ves	  of	  prac7cal	  data	  assimila7on	  &	  hybrid	  approach	  

Varia7onal	  Approach:	  	  

	  Least	  square	  es7ma7on	  

	  [maximum	  likelihood]	  
–  3D-‐Var	  (3	  dim	  in	  space)	  
–  4D-‐Var	  (4th	  dim	  is	  7me)	  
	   	  	  

Sequen7al	  (KF)	  Approach:	  	  

	  Minimum	  Variance	  es7mate	  

	  [least	  uncertainty]	  
–  Op7mal	  Interpola7on	  (OI)	  
–  (Extended	  /	  Ensemble)	  	  

	  Kalman	  Filter	  
	   	  	  

p(x)	  
p(x)	  

Courtesy:	  Kayo	  Ide	  

HYBRID	  
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Kalman	  Filter	  (Linear)	  

Forecast	  Step	  

Analysis	  

xk
b=Mk (xk−1

a )

Bk =MkAk−1Mk
T +Qk

xk
a= xk

b +Kk (yk −Hkxk
b)

Kk =BkHk

T (Rk+HkBkHk

T )−1

Ak =(I−KkHk )Bk

•  Complete	  set	  of	  equa7ons	  for	  DA	  cycling:	  
–  State	  and	  error	  covariances	  are	  propagated	  forward	  in	  7me,	  and	  updated	  with	  
observa7ons	  at	  7me	  k	  

–  Under	  assump7ons	  of	  linearity	  (M,	  H),	  KF	  produces	  op7mal	  set	  of	  analysis	  states	  
–  Analysis	  is	  the	  minimum	  variance	  es7mate	  of	  the	  state	  
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Kalman	  Filter	  for	  Large	  Dimensions	  

•  Kalman	  filters	  (and	  EKF)	  are	  imprac7cal	  for	  large	  system	  like	  
NWP	  models	  

– For	  present	  day	  NWP,	  the	  state	  size	  (N)	  can	  be	  >	  O(108)	  

•  However,	  a	  variety	  of	  Kalman	  Filters	  have	  been	  developed	  for	  
large	  dimensional	  systems	  
– All	  of	  these	  rely	  on	  Low-‐Rank	  Approxima7ons	  of	  the	  background	  and	  
analysis	  error	  covariance	  matrices	  

•  Assume	  that	  Bk	  has	  rank	  M<<N,	  so	  that	  we	  can	  write	  the	  error	  
covariance	  as	  a	  func7on	  of	  Xb	  (NxM),	  where	  M	  can	  be	  ~100	  

Bk = Xk
b(Xk

b)T



Ensemble	  Approach	  to	  Represent	  p(x)	  

◆  Ensemble	  	  

• Members 	   	   	  	  

•  Spread	  
!  Mean	   !  Covariance	  

5	  

!!!

X = {x(m)}!!!!!! = {x(1) ,...,x(M)}

ΔX = {x(m) − x} = {x(1) − x,...,x(M) − x}

!!!

xn =
1
M

xn
(m)

m=1

M

∑

x = 1
M

x(m)

m=1

M

∑

!!!

Pnn =
1

M−1
(xn

(m) − xn )
2

m=1

M

∑

Pin = Pni =
1

M−1
(xi

(m) − xi )(xn
(m) − xn )

m=1

M

∑

P! = 1
M−1

(ΔX)(ΔX)T

◆  Issues	  
!  Sampling	  of	  by	  ensemble	  can	  be	  poor,	  especially	  for	  	  

•  Small	  M	  

•  Small	  Pin	  
!  Rank	  of	  P	  is	  at	  most	  M-‐1	  

!  There	  infinitely	  many	  ΔX	  that	  have	  the	  same	  P=(1/M-‐1)ΔX(ΔX)T	  	  

Courtesy:	  Kayo	  Ide	  
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6	  

different	  realiza7ons	  

Assuming	  Gaussian	  pdfs	  

•  If	  sampling	  is	  well-‐done,	  then	  
p*(x)~p(x).	  
•  ‘Fitness’	  of	  p*(x)	  to	  p*(x)	  vary	  case	  
by	  case	  par7cularly	  for	  small	  M.	  
• All	  cases,	  N≤M.	  

   

p(x) = 1
(2π )N /2 |P |1/2

         exp(− 1
2

(x − x)T P−1(x − x))
  M

orig.	  p(x)	  by	  	  
M	  sample	  from	  p(x)	  
Reconstructed	  p*(x)	  by	  

   p(x) ⇒ {xm }

   {xm } ⇒ p * (x)
  (x*,P*)

  (x,P)
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Courtesy:	  Kayo	  Ide	  
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Ensemble	  Kalman	  Filters	  
More	  on	  these	  later	  today….	  

•  Ensemble	  Kalman	  Filters	  (EnKF)	  are	  Monte	  Carlo	  
approxima7ons/implementa7ons,	  using	  sample	  covariances	  
from	  an	  ensemble	  (over	  bar	  represents	  ensemble	  mean):	  

Bk ≈Bk
e = Xk

b(Xk
b)T = 1

M−1
(xk,m

b − xk
b)

m=1

M

∑ (xk,m
b − xk

b)T

•  Where	  Xb
k	  is	  a	  matrix	  (NxM)	  of	  ensemble	  forecast	  

perturba7ons:	  	  

Xk
b =

1

M−1
(xk,1

b − xk
b)( ) , (xk,2

b − xk
b)( )… , (xk,m

b − xk
b)( )

•  And	  the	  full	  Be	  is	  never	  explicitly	  computed!	  	  Instead,	  we	  
represent	  it	  in	  the	  subspace	  of	  the	  M	  x	  M	  ensemble	  space.	  

xk
b =

1
M

(xk,m
b )

m=1

M

∑
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What	  does	  Be	  gain	  us?	  
Flow	  Dependence	  /	  Errors	  of	  the	  Day	  

Temperature	  observa7on	  near	  warm	  front	  

Bf Be 
Courtesy:	  Jeff	  Whitaker	  
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What	  does	  Be	  gain	  us?	  
Mul7variate	  Correla7ons	  

Surface	  pressure	  observa7on	  near	  “atmospheric	  river”	  

First	  guess	  surface	  pressure	  (white	  contours)	  and	  precipitable	  water	  increment	  (A-‐G,	  red	  contours)	  arer	  
assimila7ng	  a	  single	  surface	  pressure	  observa7on	  (yellow	  dot)	  using	  Be.	  	  	  

Courtesy:	  Jeff	  Whitaker	  
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Use	  of	  Be	  in	  Var	  (GSI)	  

JEnKF (xk
' )= 1

2
(xk

' )T (Be )−1(xk
' )+ 1

2
(yo

' −Hxk
' ) TR−1(yo

' −Hxk
' )

•  If	  we	  had	  it,	  we	  could	  subs7tute	  ensemble	  es7mate	  of	  error	  covariance	  

•  This	  is	  in	  the	  full	  physical	  space,	  which	  we	  can	  work	  around	  by	  introducing	  a	  
new	  control	  variable:	  

•  Where	  α	  is	  the	  local	  weight	  for	  the	  ensemble	  members	  

•  L	  is	  the	  localiza/on	  on	  the	  extended	  control	  variable	  
•  xe	  are	  the	  ensemble	  perturba7ons	  that	  represent	  Be	  (as	  in	  EnKF)	  

JEnKF (xk
' )= 1

2
(α)TL−1(α)+ 1

2
(yo

' −Hxk
' ) TR−1(yo

' −Hxk
' )

x'k = αm! xe
m( )

m=1

M

∑



Control	  Variable	  Example	  
(2012012212,	  z=15,	  20	  members)
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Hybrid	  DA	  

•  Linearly	  combine	  full	  rank	  (sta7c)	  and	  flow-‐dependent	  
(ensemble)	  background	  error	  covariance	  es7mates	  

•  Solu7on	  in	  Var:	  	  Add	  a	  second	  background	  term	  (one	  for	  ensemble,	  and	  one	  
for	  sta7c).	  	  Here,	  we’ll	  denote	  the	  climatological	  (c)	  and	  ensemble	  (e)	  
contribu7ons	  

JHyb (xc ,α)= βc

1
2
(xc

' )TBc (xc
' )+βe

1
2
(α)TL−1(α)+ 1

2
(yo

' −Hxt
' ) TR−1(yo

' −Hxt
' )

x't = x'f+ (αm! xe
m)

m=1

M

∑

Bh=(1%β)Be+βBc
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JHyb (xc ,α)= βc

1
2
(xc

' )TBc (xc
' )+βe

1
2
(α)TL−1(α)+ 1

2
(yo

' −Hxt
' ) TR−1(yo

' −Hxt
' )

x't = x'f+ (αm! xe
m)

m=1

M

∑

βc	  &	  βe:	  weigh7ng	  coefficients	  for	  clim.	  (var)	  and	  ensemble	  covariance	  
respec7vely	  

xt’:	  (total	  increment)	  sum	  of	  increment	  from	  fixed/sta7c	  B	  (xc’)	  and	  ensemble	  
B	  	  

ak:	  extended	  control	  variable;	  	  	  	  	  	  	  	  :ensemble	  perturba7ons	  

	  -‐	  analogous	  to	  the	  weights	  in	  the	  LETKF	  formula7on	  

L:	  correla7on	  matrix	  [effec7vely	  the	  localiza7on	  of	  ensemble	  perturba7ons]	  

(wk,m = (Yk,m
b )T[Yk,m

b (Yk,m
b )T +R]'1dk )

Hybrid	  EnVar	  (GSI)	  

xe
m
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With	  Precondi7oning	  

νm = βeL
−1αm

J(z ,ν )= 1
2

!xc( )
T
z +

1
2
α Tν + Jo

!xc = (βc )
−1Bcz

For	  the	  double	  Conjugate	  Gradient	  (GSI	  default),	  inverses	  of	  B	  and	  L	  not	  need	  and	  the	  solu7on	  is	  pre-‐
condi7oned	  by	  full	  B.	  

This	  formula7on	  differs	  from	  the	  UKMO	  and	  Canadians,	  who	  use	  a	  square	  root	  formula7on.	  	  Also,	  the	  weights	  
can	  be	  applied	  to	  the	  increments	  themselves:	  

!xt =βc
!xc+βe (αm! xe

m)
m=1

M

∑

z = βcBc
"1 !xc

α = (βe)
$1Lν
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“Hybrid”	  Methods	  –	  Nomenclature	  

Hybrid:	  Varia7onal	  methods	  that	  combine	  sta7c	  and	  ensemble	  
covariances.	  

EnVar:	  Varia7onal	  methods	  using	  ensemble	  covariances	  

Hybrid	  4DVar:	  Varia7onal	  method	  using	  a	  combina7on	  of	  	  
sta7c	  and	  ensemble	  covariances	  at	  the	  beginning	  of	  the	  	  
window,	  but	  using	  a	  tangent-‐linear	  and	  adjoint	  model	  

Hybrid	  4DEnVar:	  Varia7onal	  method	  using	  a	  combina7on	  of	  	  
sta7c	  and	  ensemble	  covariances	  at	  the	  all	  7mes	  in	  the	  	  
window,	  without	  the	  need	  of	  a	  tangent-‐linear	  or	  adjoint	  
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Single	  Temperature	  Observa7on	  

Hybrid	  
50%	  each	  EnVar	  

3DVAR	  
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So	  what’s	  the	  catch?	  

•  Most	  configura7ons	  of	  hybrid	  DA	  systems	  require	  the	  
development	  and	  maintenance	  of	  two	  DA	  systems	  
•  EnKF	  +	  Var	  

•  S7ll	  need	  to	  deal	  with	  localiza/on	  and	  other	  sampling-‐
related	  issues	  (though	  somewhat	  mi7gated	  by	  use	  of	  full	  
rank	  Bc)	  
•  Rank	  deficiency:	  	  Using	  small	  ensemble	  size	  to	  represent	  

something	  of	  much	  larger	  dimension	  

•  Even	  more	  parameters	  to	  explore	  
•  Trade	  off	  between	  ensemble	  size,	  resolu7on,	  hybrid	  weights,	  

etc.	  
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Example	  of	  Covariance	  Localiza7on	  

Es7mates	  of	  covariances	  from	  a	  small	  ensemble	  will	  be	  noisy,	  
with	  signal	  to	  noise	  small	  especially	  when	  covariance	  is	  small	  

Courtesy:	  Jeff	  Whitaker	  
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NWP	  Localiza7on	  Example	  

Courtesy:	  Jeff	  Whitaker	  
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GSI	  Hybrid	  Configura7on	  

•  Hybrid	  related	  parameters	  controlled	  via	  GSI	  namelist	  &hybrid_ensemble	  

•  Logical	  to	  turn	  on/off	  hybrid	  ensemble	  op7on	  (l_hyb_ens)	  
•  Ensemble	  size	  (n_ens),	  resolu7on	  (jcap_ens,	  nlat_ens,	  nlon_ens)	  

•  Source	  of	  ensemble:	  GFS	  spectral,	  na7ve	  model,	  etc.	  
(regional_ensemble_op7on)	  

•  	  Weigh7ng	  factor	  for	  sta7c	  contribu7on	  to	  increment	  (beta_s0)	  

•  Op7on	  to	  specify	  different	  beta	  weights	  as	  a	  func7on	  of	  ver7cal	  level	  	  
(readin_beta)	  

•  Horizontal	  and	  ver7cal	  distances	  for	  localiza7on,	  via	  L	  on	  augmented	  control	  	  
variable	  (s_ens_h,	  s_ens_v)	  

•  Localiza7on	  distances	  are	  the	  same	  for	  all	  variables	  since	  opera7ng	  on	  α.	  
i.e.	  	  no	  variable	  localiza7on	  

•  Op7on	  to	  specify	  different	  localiza7on	  distances	  as	  a	  func7on	  of	  ver7cal	  
level	  	  (readin_localiza7on)	  

•  Other	  regional	  op7ons	  related	  to	  resolu7on,	  pseudo	  ensemble,	  etc.	  
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Notes	  on	  some	  GSI	  Hybrid	  Op7ons	  

•  beta_s0	  
•  If	  weights	  set	  this	  way,	  code	  will	  assume	  that	  ensemble	  beta	  will	  be	  1-‐beta_s0	  
•  If	  set	  via	  readin_beta,	  the	  ensemble	  +	  climatological	  beta	  weights	  do	  not	  have	  

to	  sum	  to	  one	  for	  a	  given	  level	  (error	  tuning)	  
•  s_ens_h	  
•  Horizontal	  decorrela7on	  distance	  in	  km	  (Gaussian	  half-‐width,	  not	  zero-‐

distance)	  
•  s_ens_v	  
•  If	  >	  0,	  ver7cal	  decorrela7on	  given	  in	  units	  of	  model	  layers	  
•  If	  <	  0,	  ver7cal	  decorrela7on	  given	  in	  units	  of	  d	  ln	  p	  (scale	  height)	  
•  i.e.	  s_ens_v=-‐0.5	  actually	  means	  0.5	  in	  units	  of	  dlnp	  

•  filename	  
•  If	  using	  global	  (GFS)	  ensemble,	  will	  generally	  follow	  sigfHH_ens_memNNN	  
•  HH	  =	  forecast	  hour	  
•  NNN	  =	  integer	  ensemble	  member	  number	  

•  Regional	  specific	  
•  Regional_ensemble_op7on,	  grid_ra7o_ens,	  more….	  
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Example:	  global_hybens_info.l64.txt	  

 64 
   350.0    -0.5     0.1250     0.8750 
   350.0    -0.5     0.1250     0.8750 
   350.0    -0.5     0.1250     0.8750 
   350.0    -0.5     0.1250     0.8750 
   350.0    -0.5     0.1250     0.8750 
   350.0    -0.5     0.1250     0.8750 
  	  .	  

	  .	  

	  .	  

1300.0    -0.5     0.1250     0.8750 
1300.0    -0.5     0.1250     0.8750 

 #	  of	  levels 
   s_ens_h(1)   s_ens_v(1)     beta_s0(1)	  	  	  	  beta_e(1) 
   s_ens_h(2)   s_ens_v(2)     beta_s0(2)	  	  	  	  beta_e(2) 
   s_ens_h(3)   s_ens_v(3)     beta_s0(3)	  	  	  	  beta_e(3) 
   s_ens_h(4)   s_ens_v(4)     beta_s0(4)	  	  	  	  beta_e(4) 
   s_ens_h(5)   s_ens_v(5)     beta_s0(5)	  	  	  	  beta_e(5) 
   s_ens_h(6)   s_ens_v(6)     beta_s0(6)	  	  	  	  beta_e(6) 
 	  . 	  	  

	  .	  

	  .	  

	  	  s_ens_h(63)   s_ens_v(63)   beta_s0(63)	  	  	  beta_e(63) 
  s_ens_h(64)   s_ens_v(64)   beta_s0(64)	  	  	  beta_e(64) 
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Hybrid	  GSI	  details	  

•  Localiza7on:	  
–  Horizontal:	  Spectral	  operator	  to	  apply	  Gaussian	  func7on.	  	  Localiza7on	  distances	  
func7on	  of	  model	  ver7cal	  level	  
•  Op7on	  for	  RF-‐based	  horizontal	  localiza7on	  (for	  regional	  applica7ons)	  

–  Ver7cal:	  Recursive	  filter	  (separable	  from	  above)	  

•  Ensemble	  variables:	  Can	  be	  different	  than	  standard	  control	  variable	  for	  Bc	  
(Default	  u,	  v,	  T,	  ps,	  qwv,	  qoz,	  qcw)	  
–  ensctl2state	  and	  state2ensctl	  does	  mapping	  between	  state	  space	  and	  ensemble	  
variables	  

•  Dual	  Resolu7on:	  If	  ensemble	  at	  lower	  resolu7on,	  interpola7on	  (and	  
adjoint)	  between	  ensemble/analysis	  grids*	  [T]	  

•  Ini7aliza7on:	  Op7on	  for	  Tangent	  Linear	  Normal	  Mode	  Constraint	  [C]	  

x't =C x'f+ T (αm! xe
m)

m=1

M

∑
⎡

⎣
⎢
⎢

⎤

⎦
⎥
⎥
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Current	  Hybrid	  for	  GDAS/GFS	  

•  T1534L64	  Determinis7c	  (SL	  
dynamics)	  
– T574L64	  EnSRF,	  80	  members,	  
Stoch.	  Physics,	  Hourly	  Output	  

•  87.5%	  ensemble,	  12.5%	  
climatological	  for	  hybrid	  
increment	  

•  Level	  dependent	  horizontal	  
localiza7on	  (divide	  by	  0.38	  to	  
convert	  to	  GC	  zero	  distance)	  
– 0.5	  scale	  heights	  in	  ver7cal	  



EnKF	  
member	  update	  

member	  2	  	  
analysis	  

high	  res	  
forecast	  

high	  res	  
analysis	  

member	  1	  	  
analysis	  

member	  2	  	  
forecast	  

member	  1	  	  
forecast	   recenter	  analysis	  ensem

ble	  

Dual-‐Res	  Coupled	  Hybrid	  
Var/EnKF	  Cycling	  

member	  N	  	  
forecast	  

member	  N	  	  
analysis	  

T5
74

L6
4	  

T1
53

4L
64

	  

Generate	  new	  ensemble	  
perturba7ons	  given	  the	  
latest	  set	  of	  observa7ons	  
and	  first-‐guess	  ensemble	  

Ensemble	  contribu7on	  to	  
background	  error	  

covariance	  

Replace	  the	  EnKF	  
ensemble	  mean	  analysis	  

and	  inflate	  

Previous	  Cycle	   Current	  Update	  Cycle	  

GSI	  Hybrid	  EnVar	  
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What	  if	  I	  am	  not	  running	  an	  EnKF?	  

•  	  In	  principle	  any	  ensemble	  can	  be	  used;	  
– 	  	  so	  long	  as	  the	  ensemble	  represents	  the	  forecast	  errors	  well.	  

•  	  GSI	  can	  ingest	  GFS	  global	  ensemble	  to	  update	  regional	  	  
models	  
– 	  	  WRF	  ARW/NMM,	  NAM,	  RR,	  HWRF	  

•  	  80	  member	  GFS/EnKF	  6h	  ensemble	  forecasts	  are	  archived	  at	  	  
NCEP	  since	  May	  2012.	  
– 	  	  Real	  7me	  ensemble	  is	  also	  publicly	  available.	  



2017	  Joint	  DTC-‐EMC-‐JCSDA	  GSI-‐EnKF	  Tutorial	  Kleist	   27	  

Ensemble	  of	  Data	  Assimila7ons	  

•  Much	  like	  the	  stochas7c	  EnKF,	  ECMWF	  and	  Meteo-‐France	  use	  
an	  ensemble	  of	  data	  assimila7ons	  instead	  of	  an	  EnKF	  
– Perturb	  the	  observa7ons	  and	  model	  	  
– Designed	  to	  represent	  and	  es7mate	  the	  uncertainty	  in	  their	  determinis7c	  
4DVAR	  

•  This	  provides	  flow-‐dependent	  es7mates	  of	  analysis	  error	  for	  
their	  EPS	  

•  Also	  provides	  flow-‐dependent	  es7mates	  of	  background	  error	  
for	  use	  in	  DA	  (either	  as	  B0	  or	  in	  hybrid)	  

•  Can	  be	  hugely	  expensive,	  given	  that	  a	  varia7onal	  (4DVAR)	  
update	  has	  to	  be	  executed	  for	  each	  ensemble	  member!	  
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4D	  Hybrids	  
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4D	  Ensemble	  Var	  (Liu	  et	  al,	  2008)	  
GSI	  -‐	  Hybrid	  4D-‐EnVar	  

Wang	  and	  Lei	  (2014);	  Kleist	  and	  Ide	  (2015)	  

The	  Hybrid	  EnVar	  cost	  func7on	  can	  be	  easily	  extended	  to	  4D	  and	  include	  a	  
sta7c	  contribu7on	  (ignore	  precondi7oning)	  

Where	  the	  4D	  increment	  is	  prescribed	  through	  linear	  combina7ons	  of	  the	  4D	  
ensemble	  perturba7ons	  plus	  sta7c	  contribu7on,	  i.e.	  it	  is	  not	  itself	  a	  model	  
trajectory	  

Here,	  sta7c	  contribu7on	  is	  7me	  invariant.	  	  C	  represents	  TLNMC	  balance	  
operator.	  	  No	  TL/AD	  in	  Jo	  term	  (M	  and	  MT)	  

J( !xc ,α)= βc

1
2
( !x ) TBc

−1( !x )+βe

1
2
α TL−1α +1

2
( !yk −Hk

!xk )
TRk

−1( !yk −Hk
!xk )

k=1

K

∑

!xk =Ck [ !xc+ (αm! (xe)k
m)

m=1

M

∑ ]

Jo	  term	  divided	  into	  observa7on	  
“bins”	  as	  in	  4DVAR	  
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GSI	  –	  Hybrid	  En-‐4DVar	  
Wang	  and	  Lei	  (2014);	  Kleist	  and	  Ide	  (2015)	  

The	  tradi7onal	  4DVar	  cost	  func7on	  can	  be	  manipulated	  to	  use	  an	  ensemble	  to	  
help	  prescribe	  the	  error	  covariance	  at	  the	  beginning	  of	  the	  window	  

Here,	  the	  hybrid	  error	  covariance	  is	  applied	  at	  the	  beginning	  of	  the	  window,	  
and	  the	  TL/AD	  propagate	  within	  observa7on	  window	  (M	  and	  MT)	  in	  Jo	  
term	  

J( !xc ,α)= βc

1
2
( !x ) TBc

−1( !x )+βe

1
2
α TL−1α +1

2
( !yk −HkMk

!x0)
TRk

−1( !yk −HkMk
!x0)

k=1

K

∑

!x0= [ !xc+ (αm! (xe)
m)

m=1

M

∑ ]

Jo	  term	  divided	  into	  observa7on	  
“bins”	  as	  in	  4DVAR	  
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4DVAR	  

Lorenc	  &	  Payne	  2007	  
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4D	  EnVar	  

4D	  analysis	  is	  a	  (localised)	  linear	  combina7on	  of	  nonlinear	  
trajectories.	  	  It	  is	  not	  itself	  a	  trajectory.	  

Courtesy:	  Andrew	  Lorenc	  
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In	  the	  alpha	  control	  variable	  method	  one	  uses	  the	  ensemble	  perturba7ons	  to	  
es7mate	  Pb only	  at	  the	  start	  of	  the	  4DVar	  assimila7on	  window:	  the	  evolu7on	  
of	  Pb inside	  the	  window	  is	  due	  to	  the	  tangent	  linear	  dynamics	  (Pb(t) ≈ 
MPbMT)	  

In	  4D-‐EnVar	  Pb is	  sampled	  from	  ensemble	  trajectories	  throughout	  the	  
assimila7on	  window	  (nonlinear	  dynamics):	  

from:	  D.	  Barker	  &	  
A.	  Clayton	  
(UKMO)	  

4D	  Hybrids	  
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Single	  Observa7on	  (-‐3h)	  Example	  
for	  4D	  Variants	  

4DVAR	  

H-‐4DVAR_AD	  
bf-‐1=0.25	  

H-‐4DEnVar	  
bf-‐1=0.25	  

4DEnVar	  



2017	  Joint	  DTC-‐EMC-‐JCSDA	  GSI-‐EnKF	  Tutorial	  Kleist	   35	  

Time	  Evolu7on	  of	  Increment	  

t=-‐3h	  

t=0h	  

t=+3h	  

H-‐4DVAR_AD	   H-‐4DEnVar	  

Solu7on	  at	  beginning	  of	  window	  
same	  to	  within	  round-‐off	  (because	  
observa7on	  is	  taken	  at	  that	  7me,	  
and	  same	  weigh7ng	  parameters	  
used)	  

Evolu7on	  of	  increment	  qualita7vely	  
similar	  between	  dynamic	  and	  
ensemble	  specifica7on	  
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	  GSI	  Hybrid	  4DEnVar	  and	  En-‐4DVar	  Op7ons	  

•  l4densvar	  
•  Logical	  switch	  to	  turn	  on	  4DEnVar	  

•  ens_nstarthr	  
•  First	  forecast	  hour	  for	  ensemble	  valid	  in	  assimila7on	  window.	  	  For	  the	  GDAS	  06	  

hour	  cadence	  and	  window,	  this	  is	  “03”,	  i.e.	  to	  use	  sigf03-‐sigf09	  ensemble	  
•  nhr_obsbin	  
•  Integer	  width	  for	  observa7on	  windows.	  	  GDAS	  uses	  hourly	  (“01”).	  

•  lwrite4danl	  
•  Op7on	  to	  write	  out	  4D	  analysis	  (guess+increment	  at	  interval	  of	  nhr_obsbin).	  

•  thin4d	  
•  Modify	  observa7on	  thinning	  to	  be	  a	  func7on	  of	  space	  only	  (no	  preferen7al	  

treatment	  of	  observa7ons	  near	  center	  of	  window)	  
•  filename	  
•  Same	  as	  previously	  noted,	  but	  with	  mul7ple	  7me	  levels	  consistent	  with	  above	  

•  l4dvar	  
•  Logical	  switch	  to	  turn	  on	  4DVar	  (using	  TL/AD).	  	  User	  needs	  to	  compile	  with	  

TL/AD	  interfaced	  to	  solver.	  	  	  
•  Can	  run	  hybrid	  En-‐4DVar	  using	  this	  op/on	  plus	  hybrid	  op/ons	  (*not*	  

l4densvar).	  
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Comments	  

•  4DEnVar	  is	  more	  comparable	  in	  cost	  to	  3DVar/3DEnVar	  since	  it	  
does	  not	  involve	  TL/AD	  
– 4DVar	  can	  be	  at	  least	  10x	  more	  expensive	  depending	  on	  
configura7on	  

– Lots	  of	  cost	  in	  ensemble,	  much	  more	  IO	  (4D),	  etc.	  

•  Standard	  prac7ce	  to	  use	  middle-‐loop	  op7on	  (relineariza7on),	  
but	  work	  to	  be	  done	  in	  exploring	  use	  of	  outer	  loop	  as	  in	  4DVar	  

•  Lots	  of	  work	  to	  do	  on	  mul7-‐scale	  and	  scale-‐dependence	  
– Localiza7on	  
– Hybrid	  weigh7ng	  
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Global	  4D	  Hybrid	  at	  Major	  NWP	  Centers	  

•  Hybrid	  4D	  EnVar	  
– CMC	  (Canada)	  

•  Replaced	  4DVAR	  
– NCEP	  

•  Extension	  of	  hybrid	  3DEnVar	  

•  Hybrid	  En-‐4DVAR	  (Opera7onal	  or	  in	  Tes7ng)	  
– UKMO	  

–  ECMWF*	  

– Meteo-‐France*	  

– US	  Navgem	  

–  JMA	  
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3DVar	  /	  H3DEnVar	  /	  H4DEnVar	  

•  	  Move	  from	  3D	  Hybrid	  (current	  opera7ons)	  to	  Hybrid	  4D-‐EnVar	  yields	  	  improvement	  that	  
is	  about	  75%	  in	  amplitude	  in	  comparison	  from	  going	  to	  3D	  	  Hybrid	  from	  3DVAR.	  
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