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Maximum Likelihood Estimate & 4D‐Var

The Reverend Bayes would have said:
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The cost function (a combination of the prior and data distributions):

variational calculus
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The cost function (a combination of the prior and data distributions):
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Notation & Nomenclature
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The Linear Optimal Estimatep
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Regional Ocean Modeling System (ROMS) 4D‐Var

• Incremental (linearized about a prior) (Courtier et al, 1994)
• Control vector: initial conditions, surface forcing, boundary 

conditionsconditions.
• Primal & dual formulations (Courtier 1997)
• Primal – Incremental 4‐Var (I4D‐Var) 
• Dual – Lanczos‐augmented RPCG & indirect representer
(R4D‐Var) (Egbert et al, 1994; Gürol et al, 2014)

• Strong and weak (dual only) constraintg ( y)
• Preconditioned, Lanczos formulation of conjugate gradient 

(Lorenc, 2003; Tshimanga et al, 2008; Fisher, 1997)

• 2nd‐level preconditioning for multiple outer‐loopsp g p p
• Diffusion operator model for prior covariances

(Derber & Bouttier, 1999; Weaver & Courtier, 2001)

• Multivariate balance for prior covariance (Weaver et al, 2005)

• Physical and ecosystem components (Song et al, 2012)



ROMS 4D‐Var Diagnostic Tools

• Observation impact (Langland and Baker, 2004; Errico 2007)

• Observation sensitivity adjoint of 4D Var• Observation sensitivity – adjoint of 4D‐Var
(Gelaro et al, 2004) 

• Singular value decomposition (Barkmeijer et al, 1998; Moore et al., 
2004, 2009)

• Expected errors (Moore et al., 2012; Smith et al., 2015)
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Dynamic Interpolation
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Dynamic Interpolation
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Dynamic Interpolation
Covariance
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Dynamic Interpolation
Covariance
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Dynamic Interpolation
Tangent Linear
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Dynamic Interpolation
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ROMS CCS 30 Yr Analysis
CCMP+ERA
(1980‐2010)
or COAMPS fb(t), Bfor COAMPS
(1999‐2012)
forcing

fb(t), Bf

SODA open
boundary
conditions

bb(t), Bb

xb(0), Bx

1/10° horizontal resolution, 42 levels

xb(0), Bx

Previous 
Veneziani et al (2009)
Broquet et al (2009)
Moore et al (2010)

assimilation cycle 
(8 day overlapping cycles)



Diagnostic Summary
Number of Obs:

AVHRR AVHRR, AMSR, MODIS
Number of Obs:

Argo

SST
SSH (Aviso)

In situ (EN3)4D‐Var cost function:

Jf/Ji



Observation Impact vs Observation Sensitivity
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The California Current 
System (CCS)System (CCS) 
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Circulation Metrics, I(x)

• 37N transport
CUC

Northern CCS

• CUC transport
• Upwelling transport
• =26 kg m‐3 isopycnal depthCape Mendocino

• Two regions
• 8 day averagesCentral CCS

Cape Mendocino

8 day averages
• Every 4D‐Var cycle

Pt Conception

( ) ( )I I I  a bx x
Change due 
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Control Vector Impacts
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Control Vector Monitoring

CUC t tCUC transport

Upwelling transport

37N transport Pycnocline depth

Initial 
conditions

Surface
forcing

Open boundary
conditions



Observing Platform Impacts
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CUC transport

Total increment
Observation Impacts

SSH

MODIS SST

Initial conditions

MODIS SST

AVHRR SST

Surface forcing

AMSR SST

SST super obsSurface forcing

Hydrographic obs

Open boundary conditions



37N transport



37N transport



Impact of HF Radar
on 37N transport



fInformation Horizons

For 8 day assimilation cycles:

• Advection: ~70 km (u ~ 0.1 m/s)
• 1st baroclinic mode waves: ~1700 km (c~2.5 m/s)( / )
• Coastal waveguides: ~1700 km
• Barotropic waves – whole domain
• SSH pressure gradient – gyre scale
• Covariance regularization: ~300 km


