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MoHvaHon:	
  Dynamics	
  and	
  Model	
  
§  Scale	
  and	
  ResoluHon	
  
•  Geophysical	
  dynamics	
  exhibits	
  mulH-­‐scale	
  (MS)	
  phenomena	
  	
  
•  Modeling:	
  MulH-­‐ResoluHon	
  (MR)	
  

§  This	
  work	
  focuses	
  on	
  spaHally	
  
•  MS/MR	
  in	
  horizontal	
  

	
   	
  	
  
	
  	
  

USW12	
   ICC6	
  

ICC1.5	
   ICC.75	
  

!!!

x = xL + xS !![+ ...]
xL:!!large+scale!

xS:!!smaller+scale!!

[Capet	
  et	
  al,	
  2008]	
  



MoHvaHon:	
  MS	
  Increment	
  
§  Single	
  obs	
  illustraHon	
  
•  Cost	
  funcHon	
  

	
  

•  Increment	
  	
  Δxa	
  =	
  PbHT	
  (HPbHT+Ro)	
  -­‐1	
  d	
  
	
   	
   	
   	
   	
   	
  d=	
  yo–Hxf	
  

	
  
	
    !!!

Δxa =

P1l
b

!

Pnl
b

!

PNl
b

⎛

⎝

⎜
⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟
⎟

(Pll
b +Rll )

−1(yl
o − xl

b)

Contour:	
  1pt-­‐correlaHon	
  (�)	
  
Background:	
  SST	
  

SST	
  [ICC6	
  ensemble]	
  

.	
  

Courtesy	
  of	
  T.	
  Miyoshi	
  

For	
  Δxa	
  to	
  be	
  MS,	
  
Pb	
  must	
  be	
  MS	
  

!!!

J(Δx)= 1
2
ΔxT (Pb)−1Δx

+1
2
(d−HΔx)TR−1(d−HΔx)



MoHvaHon:	
  MS	
  Increment	
  
	
  

§  Standard	
  Var	
  FormulaHon	
  for	
  MS	
  
1.	
  	
  MS	
  	
  Pb	
  =βLPbL+βSPbS	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (AddiHve	
  Pb)	
  

	
  	
   	
  	
  

	
  
	
  

	
  
	
  
	
  
	
  

•  Single	
  obs	
  increment	
  

Contour:	
  1pt-­‐correlaHon	
  (�)	
  
Background:	
  SST	
  

SST	
  [ICC6	
  ensemble]	
  

.	
  

Courtesy	
  of	
  T.	
  Miyoshi	
  
[Wu	
  et	
  al,	
  2002]	
  	
  

 !!!

Δxa = βL

PL.1l
b

!

PL.nl
b

!

PL.Nl
b
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⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟
⎟

+βS

PS.1l
b

!

PS.nl
b

!
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⎪
⎪
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⎪
⎪
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⎬

⎪
⎪
⎪

⎭

⎪
⎪
⎪

(βLPL.ll
b +βSPS.ll

b +Rll )
−1(yl

o − xl
b)

!!!

J(Δx)= 1
2
ΔxT (βLPL

b +βSPS
b)−1Δx

+1
2
(d−HΔx)TR−1(d−HΔx)



MoHvaHon:	
  MS	
  Increment	
  
	
  

§  Standard	
  Var	
  FormulaHons	
  for	
  MS	
  
1.	
  	
  MS	
  	
  Pb	
  =βLPbL+βSPbS	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (AddiHve	
  Pf)	
  
	
  	
  	
  	
  	
  (using	
  single	
  control	
  vector)	
  	
  	
   	
  	
  	
  

	
  
	
  

2.	
  	
  MS	
  	
  Δxa	
  =	
  ΔxaL+	
  ΔxaS	
  	
  	
  	
  	
  	
  (AddiHve	
  Δxa)	
  	
  
	
  	
  	
  	
  	
  (using	
  dual/mulH	
  control	
  vectors)	
   	
  	
   	
  	
  	
  

	
  	
  

	
  	
   	
  	
   	
  	
   	
  	
   	
  	
   	
  	
   	
  	
   	
   	
  	
   	
   	
  	
   	
   	
  	
  	
  
	
  

!!!
J(Δx)= 1

2
ΔxT (βLPL

b +βSPS
b)−1Δx+ 1

2
(d−HΔx)TR−1(d−HΔx)

!!Δx = ΔxL +ΔxS

!!!

J(ΔxL ,ΔxS )=
1
2
(ΔxL )

T (βLPL
b)−1ΔxL +

1
2
(ΔxS )

T (βSPS
b)−1ΔxS

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!+ 1
2
(d−HΔx)TR−1(d−HΔx)

[Wu	
  et	
  al,	
  2002]	
  	
  



MS-­‐MR	
  FormulaHon	
  for	
  Background	
  
§  MS-­‐MR	
  VariaHon	
  for	
  	
  Δxa	
  =	
  Δxa	
  L+	
  Δxa	
  S	
  
Scheme	
  1.	
  	
  Concurrent	
  DecomposiHon	
  for	
  mulH-­‐resoluHon	
  (MR)	
  

	
  
	
  
Note	
  
»  SoluHons	
  are	
  the	
  same	
  for	
  Δxa	
  =	
  ΔxaL+	
  ΔxaS	
  of	
  the	
  concurrent	
  MS	
  
decomposiHon	
  scheme	
  and	
  original	
  MS	
  schemes	
  

»  ComputaHonally	
  efficient	
  by	
  
∗  Solving	
  for	
  ΔxaL	
  at	
  low	
  resoluHon	
  
∗  Solving	
  for	
  ΔxaS	
  with	
  βSPbS	
  	
  separately	
  at	
  high	
  resoluHon	
  

»  Easily	
  extended	
  to	
  mulH-­‐	
  (more	
  than	
  dual)	
  scales	
  
»  ΔxL	
  is	
  usually	
  dominant	
  
à Solving	
  for	
  ΔxL	
  first	
  gives	
  beher	
  iniHalizaHon	
  for	
  ΔxS?	
  

	
  

!!!
JS (ΔxS )=

1
2
(ΔxS )

T (βSPS
b)−1ΔxS +

1
2
(HΔxS −d)

T (R+βLHPL
bHT )−1(HΔxS −d)

!!!
JL(ΔxL )=

1
2
(ΔxL )

T (βLPL
b)−1ΔxL +

1
2
(HΔxL −d)

T (R+βSHPS
bHT )−1(HΔxL −d)



MS-­‐MR	
  FormulaHon	
  for	
  Background	
  
§  MS-­‐MR	
  VariaHon	
  for	
  	
  Δxa	
  =	
  Δxa	
  L+	
  Δxa	
  S	
  
Scheme	
  2.	
  	
  	
  Successive	
  Approach	
  	
  	
  	
  	
  	
   	
   	
   	
   	
   	
   	
  [Li	
  et	
  al,	
  2014]	
  	
  
1.  Large	
  scale	
  (unchanged)	
  

2.  Small	
  scale	
  (use	
  Δxa	
  L)	
  	
  

where	
  	
  
	
  updated	
  innovaHon:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  d*S	
  =	
  d	
  –	
  HΔxaL	
  	
  	
  
	
  updated	
  obs	
  error	
  covariance:	
  	
  	
  R*

S=	
  R	
  +	
  βLHPaLHT	
  	
  
	
  
Note	
  
»  Similar	
  to	
  Successive	
  Covariance	
  LocalizaHon	
  (SCL:	
  Zhang	
  et	
  al,	
  2009)	
  
	
  

!!!
JL(ΔxL )=

1
2
(ΔxL )

T (βLPL
b)−1ΔxL +

1
2
(HΔxL −d)

T (R+βSHPS
bHT )−1(HΔxL −d)

!!!
JS (ΔxS )=

1
2
(ΔxS )

T (βSPS
b)−1ΔxS +

1
2
(HΔxS −dS

* )T (RS
* )−1(HΔxS −dS

* )



MoHvaHon:	
  MR	
  in	
  Observing	
  System	
  
§  SpaHal	
  density	
  of	
  observing	
  system	
  varies	
  from	
  one	
  obs	
  type	
  to	
  another	
  
•  Coarse	
  (inhomogeneous):	
  

− Mooring	
  
− Gliders	
  

Mooring	
  network	
   Glider	
  network	
  
T	
   S	
   Chlorophyll	
  

!!!yC =HCx =HC (xL + xS )!!!!!!!with!RC



MoHvaHon:	
  MR	
  in	
  Observing	
  System	
  
§  SpaHal	
  density	
  of	
  observing	
  system	
  varies	
  from	
  one	
  obs	
  type	
  to	
  another	
  
•  Coarse	
  network:	
  

− Mooring	
  
− Gliders	
  

•  Dense	
  network	
  

	
  
− Satellite	
  images	
  (SST)	
  at	
  surface	
  
− HR	
  radar	
  (surface	
  velocity)	
  	
  
	
  	
  

!!!

yD =HDx =HD(xL + xS )

!!!!!!!!!!!!!!!!=!yD.L + yD.S

yD ,L

yD ,S

⎛

⎝
⎜

⎞

⎠
⎟ =

HDxL
HDxS

⎛

⎝
⎜

⎞

⎠
⎟ !!!!!with!

RD.L

RD.S

⎛

⎝
⎜

⎞

⎠
⎟ !!!!!!

SST	
  on	
  a	
  good	
  day	
  

HF	
  radar	
  network	
  

!!!yC =HCx =HC (xL + xS )!!!!!!!with!RC



MS-­‐MR	
  FormulaHon	
  for	
  ObservaHon	
  
§  MS-­‐MR	
  VariaHon	
  for	
  	
  Δxa	
  =	
  Δxa	
  L+	
  Δxa	
  S	
  
•  ObservaHon	
  

•  Scheme	
  1.	
  MS	
  VAR	
  by	
  scale-­‐dependent	
  decomposiHon	
  

!!!

y =
yC

yD.L

yD.S

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
=

HC (xL + xS )

HDxL
HDxS

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
!!with!!

RC

RD.L

RD.S

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟

!!!

JL(ΔxL )=
1
2
(ΔxL )

T (βLPL
b)−1ΔxL +

1
2
(dC −HCΔxL )

T (RC +βSHCPS
bHC

T )−1(dC −HCΔxL )

!!!!!!!!!!!!!!!!!!!!!!!!!!!+ 1
2
(dD.L −HDΔxL )

T (RD.L )
−1(dD.L −HDΔxL )

JS (ΔxS )=
1
2
(ΔxS )

T (βSPS
b)−1ΔxS +

1
2
(dC −HCΔxS )

T (RC +βLHCPL
bHC

T )−1(dC −HCΔxS )

!!!!!!!!!!!!!!!!!!!!!!!!!!!+ 1
2
(dC −HCΔxS )

T (RD.S )
−1(dC −HCΔxS )

ß	
  Obs	
  that	
  cannot	
  be	
  decomposed	
  
	
  
ß	
  Obs	
  that	
  can	
  be	
  decomposed	
  



MS-­‐MR	
  VAR	
  
§  Scheme	
  2.	
  Successive	
  ImplementaHon	
  
•  Large-­‐Scale:	
  
	
  

	
  
	
  

•  Small-­‐scale:	
  

	
  

Successive	
  CorrecHon	
  by	
  large	
  scale	
  analysis	
  
	
  
	
  

»  EsHmaHon	
  of	
  dynamically	
  important	
  Large-­‐scale	
  first,	
  then	
  higher	
  density	
  
to	
  beher	
  capture	
  smaller	
  scales	
  in	
  the	
  successive	
  assimilaHon	
  

!!!

JS (ΔxS )=
1
2
(ΔxS )

T (βSPS
b)−1ΔxS +

1
2
(dC .S

* −HCΔxS )
T (RC .S

* T )−1(dC .S
* −HCΔxS )

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!+ 1
2
(dD.S

* −HDΔxS )
T (RD.S

* )−1(dD.S
* −HDΔxS )

dD/C .S
* = dD/C −HD/CΔxL

a !!!with!!!!RD.S/C
* =RD/C .S +βLHD/CPL

aHD/C
T

!!!

JL(ΔxL )=
1
2
(ΔxL )

T (βLPL
b)−1ΔxL +

1
2
(dC −HCΔxL )

T (RC +βSHCPS
bHC

T )−1(dC −HCΔxL )

!!!!!!!!!!!!!!!!!!!!!!!!!!!+ 1
2
(dD.L −HDΔxL )

T (RD.L )
−1(dD.L −HDΔxL )



VAR	
  to	
  (L)ETKF	
  
§  VAR	
  

where	
  Δxa	
  	
  is	
  obtained	
  by	
  
opHmizaHon	
  
	
  
	
  
Technically	
  
− Analysis	
  Increment	
  

− Analysis	
  covariance	
  	
  	
  
	
  	
  	
  

§  (L)ETKF	
  

where	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  using	
  ensemble	
  
− weights	
  	
  	
  w	
  
− spread	
  

	
  
SoluHons	
  are	
  
− Mean	
  

− Spread	
  

!!!

J(Δx)= 1
2
ΔxT (Pb)−1Δx

+1
2
(d−HΔx)TR−1(d−HΔx)

!!!

J(w)= M−1
2

wTw

+1
2
(d− Ŷw)TR−1(d− Ŷw);!!!!Ŷ =HX̂

!!!

P̂a = {(M−1)I+ ŶTR−1Ŷ}−1

= (Ŵa)2

!!̂Xa = X̂bWa

!!!P
a = {(Pb)−1 +HTR−1H}−1

!!!Δxa =PaHTR−1d !!!wa = P̂aHTR−1d

!!Δxa = X̂bwa

!!Δxa = X̂bwa

!!!̂X
b =>Pb = (M−1)−1 X̂b(X̂b)T



MS-­‐MR	
  LETKF	
  Cost	
  FuncHon	
  	
  
§  Ensemble	
  representaHon	
  needed	
  in	
  LETKF	
  

	
  Analysis	
  increment 	
   	
  	
  
	
   	
  Analysis	
  PerturbaHon	
  

§  Cost	
  funcHons	
  
•  Large-­‐scale	
  

	
  
	
  
•  Small-­‐scale:	
  

	
  
	
  

 !!!
JL(wL )=

1
2
M−1
βL

(wL )
T wL !+

1
2
(dC − ŶC .LwL )

T !ρC .L !(RC +
βS

M−1
ŶC .S ŶC .S

T )−1(dC − ŶC .LwL )

 !!!
JS (wS )=

1
2
M−1
βS

(wS )
T wS +

1
2
(dC − ŶC .SwS )

TρC .S !(RC +
βL

M−1
ŶC .LŶC .L

T )−1(dC − ŶC .SwS )

!!!

Δxa = !!!!!X̂L
bwL

a + !!!!!!X̂S
bwS

a

X̂a = (βL )
1/2 X̂L

bWL
a + (βS )

1/2 X̂S
bWS

a

 !!!
+1
2
(dD.S − ŶD.SwS )

TρD.S !(RD.S )
−1(dD.S − ŶD.SwS )

 !!!
+1
2
(dD.L − ŶD.LwL )

TρD.L !(RD.L )
−1(dD.L − ŶD.LwL )



MS-­‐MR	
  LETKF	
  	
  
§  Concurrent	
  scheme:	
  	
  

	
  Analysis	
  increment 	
   	
  	
  
	
   	
  Analysis	
  PerturbaHon	
  

•  Large-­‐Scale:	
  
	
  

	
  
	
  

	
  

•  Small-­‐scale:	
  

	
  
	
  

!!!

Δxa = !!!!!X̂L
bwL

a + !!!!!!X̂S
bwS

a

X̂a = (βL )
1/2 X̂L

bWL
a + (βS )

1/2 X̂S
bWS

a

 !!!
+ŶC .L !ρC .L !{RC +

βS

M−1
ŶC .S ŶC .S

T }−1 ŶC .L
T + ŶD.L !ρD.L !(RD.L )

−1 ŶD.L
T

 !!!
wL

a = P̂L
a ![!ŶC .L

T !ρC .L !{RC +
βS

M−1
ŶC .S ŶC .S

T }−1dC + ŶD.L
T !ρD.L !(RD.L )

−1dD.L !]

!!!
(ŴL

a)−2 = (P̂L
a)−1 = M−1

βL

I

 !!!
+ŶC .S !(ρC .S !RC +

βL

M−1
ŶC .LŶC .L

T )−1 ŶC .S
T + !ŶD.S !ρD.S !(RD.S )

−1 !ŶD.S
T

 !!!
wS

a = P̂S
a ![!ŶS

T !ρC .S !{RC +
βL

M−1
ŶC .LŶC .L

T }−1dC + !ŶD.S
T !ρD.S !(RD.S )

−1dD.S ]

!!!
(ŴS

a)−2 = (P̂S
a)−1 = M−1

βL

I



MS-­‐MR	
  :LTKF	
  Cost	
  FuncHon	
  	
  
§  Ensemble	
  representaHon	
  needed	
  in	
  LETKF	
  

	
  Analysis	
  increment 	
   	
  	
  
	
   	
  Analysis	
  PerturbaHon	
  

§  Cost	
  funcHons	
  
•  Large-­‐scale	
  

	
  
	
  
•  Small-­‐scale:	
  

	
  
	
  

 !!!
+1
2
(dD.S − ŶD.SwS )

TρD.S !(RD.S )
−1(dD.S − ŶD.SwS )

 !!!
+1
2
(dD.L − ŶD.LwL )

TρD.L !(RD.L )
−1(dD.L − ŶD.LwL )

 !!!
JL(wL )=

1
2
M−1
βL

(wL )
T wL !+

1
2
(dC − ŶC .LwL )

T !ρC .L !(RC +
βS

M−1
ŶC .S ŶC .S

T )−1(dC − ŶC .LwL )

 !!!
JS (wS )=

1
2
M−1
βS

(wS )
T wS +

1
2
(dC − ŶC .SwS )

TρC .S !(RC +
βL

M−1
ŶC .LŶC .L

T )−1(dC − ŶC .SwS )

!!!HCΔxL = ŶC .LwL !!!!!&!!!!!HDΔxL = ŶD.LwL

!!!HCΔxL = ŶC .LwL !!!!!&!!!!!HDΔxL = ŶD.LwL

!!!

Δxa = !!!!!X̂L
bwL

a + !!!!!!X̂S
bwS

a

X̂a = (βL )
1/2 X̂L

bWL
a + (βS )

1/2 X̂S
bWS

a

MS-­‐MR	
  mulHplicaHve	
  inflaHon	
  

MS-­‐MR	
  localizaHon	
  



MS-­‐MR	
  (L)ETKF	
  	
  
§  Successive	
  scheme:	
  	
  

	
  Analysis	
  increment 	
   	
  	
  
	
   	
  Analysis	
  PerturbaHon	
  

•  Large-­‐Scale:	
  
	
  

	
  
	
  

	
  

•  Small-­‐scale:	
  

	
  
	
  

 !!!
+ŶC .L !ρC .L !{RC +

βS

M−1
ŶC .S ŶC .S

T }−1 ŶC .L
T + ŶD.L !ρD.L !(RD.L )

−1 ŶD.L
T

 !!!
wL

a = P̂L
a ![!ŶC .L

T !ρC .L !{RC +
βS

M−1
ŶC .S ŶC .S

T }−1dC + ŶD.L
T !ρD.L !(RD.L )

−1dD.L !]

 !!!
+ŶC .S

* !(ρC .S !RC +
βL

M−1
ŶC .L
* ŶC .L

* T )−1 ŶC .S
* T + !ŶD.S

* !ρD.S !(RD.S )
−1 !ŶD.S

* T

 !!!
wS

a = P̂S
a ![!ŶS

*T !ρC .S !{RC +
βL

M−1
ŶC .L
* ŶC .L

* T }−1dC
* + !ŶD.S

* T !ρD.S !(RD.S )
−1dD.S

* ]

!!!

Δxa = !!!!!X̂L
bwL

a + !!!!!!X̂S
bwS

a

X̂a = (βL )
1/2 X̂L

bWL
a + (βS )

1/2 X̂S
bWS

a

!!!
(ŴL

a)−2 = (P̂L
a)−1 = M−1

βL

I

!!!
(ŴS

a)−2 = (P̂S
a)−1 = M−1

βL

I



Mid-­‐Point	
  Remarks	
  
§  Issue	
  
•  Scale	
  separaHon,	
  parHcularly	
  yD	
  	
  &	
  RD	
  

	
  
§  ApplicaHons	
  
•  MS3DVAR:	
  developed	
  for	
  Southern	
  California	
  Bight	
  (SCB)	
  
•  MS-­‐MR	
  LETKF:	
  being	
  implemented	
  into	
  SCB	
  &	
  Lorenz	
  MS	
  model	
  
•  Hybrid:	
  	
  developed	
  &	
  to	
  be	
  implemented	
  in	
  the	
  SCB	
  &	
  Chesapeake	
  Bay	
  

§  Examples	
  
•  SCB	
  
− OSSE	
  
− Real	
  data	
  experiments	
  

•  IllustraHon	
  using	
  simple	
  1D	
  example	
  



California	
  Coastal	
  Ocean	
  Data	
  AssimilaHon	
  System	
  
§  Observing	
  System	
  SimulaHon	
  Experiments	
  (OSSEs)	
  Setup	
  
•  Model:	
  Regional	
  Ocean	
  Modeling	
  System	
  (ROMS)	
  
− ResoluHon:	
  1km	
  x	
  40	
  levels	
  nested	
  in	
  low-­‐resoluHon	
  model	
  
− Atmos	
  forcing:	
  WRF	
  at	
  2km	
  

•  Southern	
  California	
  Coastal	
  Ocean	
  Observing	
  System	
  (SCCOS)	
  

− SST	
  at	
  2km	
  resoluHon	
  
− Surface	
  (u,v)	
  at	
  2km	
  resoluHon	
  
− T/S	
  profiling	
  along	
  4	
  tracks	
  at	
  
»  60km<DL	
  separaHon	
  between	
  tracks	
  
»  10km<Ds,	
  D3Dvar	
  along	
  track	
  
Up	
  to	
  400m	
  

− Balance	
  (geostrophic	
  &	
  hydrosta4c)	
  
is	
  incorporated	
  
	
  
	
  
	
  

Bathymetry	
  and	
  	
  
OSSE	
  T/S	
  profiling	
  posiHons	
  



OSSE:	
  RMSE	
  Analysis	
  Error	
  in	
  Time	
  

§  Comparison	
  between	
  
•  NO	
  DA	
  
•  Standard	
  3DVar	
  (Ds	
  in	
  B)	
  
•  MS	
  3DVar	
  (B	
  &	
  H)	
  
−  Spin-­‐up	
  faster	
  and	
  

converges	
  to	
  smaller	
  
RMSE	
  

(u,v)	
  at	
  z=30m	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SSH	
  

T	
  at	
  z=30m	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  S	
  at	
  30m	
  



OSSE:	
  RMSE	
  Analysis	
  Error	
  
§  VerHcal	
  distribuHon	
  of	
  analysis	
  RMSE	
  At	
  Day	
  3	
  (along-­‐shore	
  average)	
  

NO	
  DA	
  

3DVar	
  

MS	
  3DVar	
  

	
  	
  	
  	
  T	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  S	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  u	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  v	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  



OSSE:	
  Instantaneous	
  Error.	
  	
  z=30m,	
  day	
  4	
  	
  

§  Standard	
  3DVar	
  

§  MS	
  3DVar	
  

	
  
T	
  at	
  z=30m	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  S	
  at	
  z=30m	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (u,v)	
  at	
  30m	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  SSH	
  



California	
  Coastal	
  Ocean	
  Data	
  AssimilaHon	
  System	
  
§  Real	
  ObservaHon	
  Experiments	
  
•  IniHalizaHon:	
  01/01/2008	
  
•  Observing	
  system	
  (H)	
  

	
  
•  Performance:	
  Comparison	
  against	
  independent	
  data	
  for	
  bias	
  	
  
− No	
  DA	
  
− Standard	
  3DVar	
  
− MS	
  3DVar	
  

h6p://www.sccoos.org/	
  h6p://sccoos.org	
  

SST	
  on	
  a	
  good	
  day	
   HF	
  radar	
  network	
  

22	
  

Glider	
  network	
  



Real	
  ObservaHon	
  Experiments	
  
§  HF	
  Radar:	
  03UTC,	
  August	
  13,	
  2008:	
  difference	
  in	
  details	
  
•  3DVar	
  
− Corr	
  (u,v)=(0.53,0.67)	
  
− RMSD	
  (u,v)=(0.19,0.15)	
  [m/s]	
  

•  MS	
  3DVar 	
  	
  
− Corr	
  (u,v)=(0.61,0.72)	
  
− RMSD	
  (u,v)=(0.17,0.14)	
  [m/s] 	
  	
  

	
  	
  3DVar	
  

MS	
  3DVar	
  HF	
  Radar	
  (Obs)	
  

	
  	
  	
  	
  	
  	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  



California	
  Coastal	
  Ocean	
  Data	
  AssimilaHon	
  System	
  
§  Comparison	
  with	
  independent	
  data	
  
[08/14-­‐29/2008]	
  
•  CalCOFI	
  locaHon	
  (o)	
  	
  	
  
	
  	
  

	
  
	
  
	
  
	
  
	
  
	
  
•  MS	
  3DVar	
  	
  
− ReducHon	
  of	
  error	
  
− ReducHon	
  of	
  bias	
  	
  

•  In	
  general	
  
− More	
  observaHons	
  needed	
  

warm	
  
bias	
  

fresh	
  
bias	
  

	
  T	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  S	
  

	
  Obs	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Obs	
  

	
  M
od

el
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
M
od

el
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
	
  	
  M

od
el
	
   NoDA	
  

	
  
	
  
	
  
	
  
	
  
	
  
3D-­‐	
  
Var	
  
	
  
	
  
	
  
	
  
	
  
MS	
  

	
  	
  

	
  	
  



Simple	
  DemonstraHon	
  (1D-­‐Var)	
  
§  Experimental	
  setup	
  for	
  MS/AB	
  with	
  {DL,	
  DS}	
  &	
  SS	
  with	
  {DL,	
  Dm1,	
  Dm2,	
  DS}	
  
•  x:	
  
− xt	
  	
  is	
  MS	
  	
  	
  	
  

− xb	
  	
  is	
  MS	
  	
  	
  	
  
− Pb	
  	
  may	
  be	
  MS/AB	
  	
  	
  with	
  (DL,	
  DS)=(40,	
  5)	
  	
  	
  &	
  properly	
  esHmated	
  	
  (σbL,	
  σbS)	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  may	
  be	
  SS	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  with	
  D	
  =40,	
  20,	
  10,	
  5	
  	
  &	
  properly	
  esHmated	
  σb	
  

•  y=Hx	
  may	
  be	
  MR	
  

!!
xn
t = S0 ak

t cos(
kπn
N

+φn
t ):!!!!!!!!!!!!!ak

t = k−γ !!!with!γ ⊂ [0,2]
k=1

K

∑

patchy	
  	
  dense	
   mixed:	
  dense-­‐coarse	
  completely	
  dense	
  

!!
xn
b = S0 ak

b cos(
kπn
N

+φn
b ):!!!!!!!!!!!!!ak

b = p0λkak
t !!!with!λk ⊂U(0,1)

k=1

K

∑



SS	
  
(Single	
  Scale)	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Completely	
  Dense	
  Observing	
  Network	
  
§  Analysis	
  (xa)	
  

AB	
  and	
  MS	
  
work	
  we	
  	
  with	
  	
  
DS	
  &	
  DL	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

SS	
  3DVar	
  works	
  
OK	
  at	
  med.	
  D	
  

3DVar	
  works	
  
OK	
  at	
  DS	
  	
  
not	
  at	
  DL	
  



§  Analysis	
  Increment	
  (Δxa)	
  

AB	
  and	
  MS	
  	
  
work	
  	
  
Differently	
  at	
  LS	
  ,	
  
and	
  hence	
  at	
  SS	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

MS	
  captures	
  	
  
LS	
  more	
  
effecHvely	
  	
  
than	
  AB	
  by	
  
sequenHal	
  
(successive)	
  
approach	
  
	
  
	
  

Completely	
  Dense	
  Observing	
  Network	
  

3DVar	
  works	
  
beher	
  	
  
at	
  med.	
  D	
  
than	
  DS	
  or	
  DL	
  	
  

Black:	
  target	
  
	
  (xt-­‐xb)	
  

	
  



Patchy-­‐Dense	
  ObservaHon	
  Network	
  
§  Analysis	
  (xa)	
  

MS	
  works	
  
much	
  beher	
  
than	
  	
  AB	
  

3DVAR	
  works	
  
OK	
  at	
  med.	
  D	
  	
  

3DVAR	
  don’t	
  	
  
work	
  well:	
  	
  
Beher	
  at	
  DS	
  	
  
than	
  DL	
  



Patchy-­‐Dense	
  ObservaHon	
  Network	
  
§  Analysis	
  Increment	
  (Δxa)	
  

AB	
  and	
  MS	
  work	
  differently	
  	
  at	
  DS	
  &	
  DL	
  

3DVar	
  don’t	
  	
  
work	
  well:	
  	
  
Beher	
  at	
  DS	
  	
  
than	
  DL	
  

MS	
  captures	
  	
  LS	
  
more	
  
effecHvely	
  	
  
than	
  	
  AB	
  
by	
  sequenHal	
  
(successive)	
  
approach	
  

no	
  observaHons	
  



Mixed	
  ResoluHon	
  Network	
  
§  Analysis	
  (xa)	
  

MS	
  works	
  
much	
  beher	
  
than	
  	
  AB	
  

3D	
  work	
  OK	
  	
  
at	
  medium	
  D	
  	
  

3V	
  work	
  OK:	
  	
  
Beher	
  at	
  DS	
  	
  
than	
  DL	
  



Mixed	
  ResoluHon	
  Network	
  
§  Analysis	
  Increment	
  (Δxa)	
  

AB	
  and	
  MS	
  work	
  differently	
  	
  at	
  DS	
  &	
  DL	
  

3D	
  don’t	
  	
  
work	
  well:	
  	
  
Beher	
  at	
  DS	
  	
  
than	
  DL	
  

MS	
  captures	
  	
  LS	
  
more	
  
effecHvely	
  	
  
than	
  	
  AB	
  
by	
  sequenHal	
  
(successive)	
  
approach	
  



Scale-­‐Dependence:	
  Analysis	
  RMSE	
  
§  Performance	
  depends	
  on	
  treatment	
  of	
  MS	
  in	
  B	
  (D)	
  and	
  H	
  

H:	
  patchy	
  	
  
dense	
  

H:	
  mixed	
  
dense-­‐coarse	
  

H:	
  completely	
  
dense	
  

DL=35	
  

D=20	
  

D=10	
  

DS
	
  =	
  5	
  

MS	
  

AB	
  

	
  larger	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  smaller	
  
	
  scale	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  scale	
  

MS	
  
AB	
  DS=5	
  

DL=35	
  

D=10	
  
D=20	
  



Concluding	
  Remarks	
  
§  MS-­‐MR	
  data	
  assimilaHon	
  is	
  formulated	
  	
  
•  Works	
  very	
  well!	
  
•  Issue:	
  	
  Scale	
  separaHon,	
  parHcularly	
  yD	
  	
  &	
  RD	
  

§  Examples	
  
•  SCB	
  
− OSSE	
  
− Real	
  data	
  experiments	
  

•  IllustraHon	
  using	
  simple	
  1D	
  example	
  
	
  
§  ApplicaHons	
  
•  MS3DVAR:	
  developed	
  for	
  Southern	
  California	
  Bight	
  (SCB)	
  
•  MS-­‐MR	
  LETKF:	
  being	
  implemented	
  into	
  SCB	
  &	
  Lorenz	
  MS	
  model	
  
•  Hybrid:	
  	
  developed	
  &	
  to	
  be	
  implemented	
  in	
  the	
  SCB	
  &	
  Chesapeake	
  Bay	
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