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UCSC California Current System model

• Configuration
• Regional Ocean Modeling System 

(ROMS)
• Surface Forcing:

COAMPS (NRL-Monterey)
• Outer Boundary Conditions: 

ECCO-GODAE (MIT/JPL), SODA, 
Climatology

• Activities
• Forward model
• Data Assimilation
• Ecosystem/Biogeochemistry
• Floats/Larval Dispersal 

• Various ROMS Grids: 
• 1/3o, 1/10o, 1/30o, 1/90o, 1/270o
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COAMPS Forecast

M1 Observations

August 2003

August 2003

Improved representation of the 
wind stress curl using the 3 km 
grid at the coast should drive 
improved representation of 
wind-driven processes (e.g., 

upwelling) 

COAMPS 3 km Forecast Surface 
Stress Compares Favorably to 
Observed Stress at M1 Buoy

3 km

9 km

Representation of Coastal Jets, Wind 
Stress Curl, and Coastal Shear Zone 

Improved using Higher Resolution Grid

27 km

•

M1

Wind Speed (m/s)
121086420

The leftmost 3 boxes 
show COAMPS wind 

speed (color) and 
direction (arrows) for 
27, 9, and 3 km grids

Graphs on right show 
observed (upper) and 

COAMPS (lower) 
Surface Stress

COAMPS Real-Time Forecasts
Products for Atmospheric/Oceanic Forecasting

J. Doyle (NRL)
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Forward Model (10 km grid) 
Comparisons to CalCOFI

Model

Data

Line 90

model-data (2000-2004)

Buoyancy
Frequency

Potential Temperature

Temp
|ΔT|<.5o

Salinity
|ΔS|<.2
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UCSC Ocean Modeling
4D-VAR Data Assimilation

• Ocean Dynamics connect 
temporally separated observations

• Up to14d assimilation cycles
• Controls (ocean initial conditions, 

surface forcing, boundary conditions)

One assimilation cycle

Sequential assimilation cycles

Broquet et al. 2009a,b, 2010
Moore et al. (2011a,b)
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Strong Constraint, I4DVAR example
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  OBSERVATIONS
FINAL MODEL

STATE

Initial misfit
rms=0.62o

Final misfit
rms=0.35o

• Minimizes cost function that is 
weighted sum of squared model-data 
misfit and squared deviations from 
background model state.

• Model error variances from nonlinear 
model

• Univariate background error 
covariances (Weaver and Courtier, 
2001)

• 30km horizontal & 50m vertical length 
scales

• COAMPS SST (now using OSTIA)
• AVISO Merged SSH
• 7-14 Day Assimilation Window
• Initial Conditions adjusted only
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• (RMS Error)2 = (Error bias)2 +  (Error STD)2 

• correction of all components of error
• forecasts still show improvements - sensible 

corrections on the non observed part of the state

Strong Constraint I4DVAR Assimilation 
Performance, 10km grid

SST
Error statistics for COAMPS SST 
for each 14d assimilation cycles

CalCOFI
(Assimilated)

NMFS
(Independent)

- Free - Forecast - Analysis - Free 
- Analysis 

Salinity
Error statistics for in situ 

salinity (2000-2004)

WC10: assimilation of SSH/SST/CalCOFI/GLOBEC Broquet et al. (2009a)
Tuesday, June 14, 2011



Strong Constraint I4DVAR 
With Adjustments to Surface Forcing 8

• RMS Analysis error is 
reduced

• Forecast shows 
effectively no sustained 
improvement

• Surface forcing 
adjustments at odds 
with independent 
observations

• Suggests other source 
of error

WC10: RMS Errors to SSH data (in m) for each assimilation cycle during 
free model and analysis with assimilation of SSH/SST/EN3 data using 

s=x0 and s=(x0,f)

Broquet et al. (2010)

Prior wind stress error Analysis wind stress error
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Investigating Weak Constraint Assimilation
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6 

 
!"#$%&'()'The repeat cruise tracks for the CalCOFI (green) and GLOBEC (blue) hydrographic surveys. 

 
To illustrate the efficacy and equivalence of I4D-Var, 4D-PSAS and R4-Var in solving (4) and 
(5), we will present new results from a sequence of assimilation cycles in ROMS CCS spanning 
the 5 year period 2000-2004. In each case, all available observations during a 14 day window 
were assimilated into ROMS. If we denote the current time in days by , then all observations 
during the interval [ -14, are assimilated. The background initial conditions *+( -14) are taken 
from the previous assimilation cycle, and the new analysis  *+( )+ *( ) for the current time 
becomes the background initial condition for the next assimilation cycle. The background 
forcing ,+(t), t=[ -14, and boundary conditions ++(t), t=[ -14, are taken from COAMPS and 
ECCO respectively.  
 
Figure 3 shows a plot of the cost/penalty function J corresponding to the optimal increments - 
that satisfy (4) and (5). The results of three sets of 5 year assimilation cycles are shown 
corresponding to I4D-Var, 4D-PSAS, and R4D-Var, and in each case the strong constraint is 
assumed. In addition, only the model initial conditions were adjusted (i.e. ,= +=0 in (3)). As 
anticipated from theory (Courtier, 1997) the model space search and the two observation space 
searches converge to very similar solutions as evidenced by nearly indistinguishable values of J 
throughout the duration of the three experiments.  
 

 
!"#$%&'.)'Time series of the cost/penalty function J at convergence for 14 day sassimilation windows during the 
period Jan, 2000 – Dec, 2004 for I4D-Var (blue curve), 4D-PSAS (red curve), and R4D-Var (green curve) assuming 
the strong constraint. 

STRONG CONSTRAINT
I4DVAR 4D-PSAS R4DVAR
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case where the prior model error variance was assumed to be ~5% of the error in the background 
temperature. Figure 4 indicates that J is now much closer to the theoretical minimum value Jmin 
than in the strong constraint case. Similarly, Fig. 5 indicates the additional improvement in J 
compared to the suite of strong constraint experiments.  
 
Figure 8 shows a comparison of J from a sequence of strong constraint and weak constraint 
R4D-Var experiments for the period 2001-2002 using 4 day assimilation windows, and adjusting 
both the initial conditions and surface forcing. As in case described above, the prior model error 
for the weak constraint case was confined to temperature within 300 km of the coast with a 
variance ~5% of the error in the background. Figure 8 indicates that the weak constraint is able 
to significantly and consistently reduce J compared to the strong constraint case. However, Figs. 
4, 5 and 8 indicate that there is still room for improvement and our prior hypotheses should be 
revisited. Nonetheless these attempts to correct for model error in the ocean temperature field 
appear to be a step in the right direction. 

 
!"#$%&'(: Time series of J at convergence for strong constraint (blue curve) and weak constraint (red) experiments 
for the period 2001-2002. The assimilation window was 4 days, and both the initial conditions and surface forcing 
were adjusted. 
 
While the above examples demonstrate the potential for identifying and accounting for model 
error in weak constraint 4D-Var, the approach is somewhat ad hoc. For example there will be 
times when the surface forcing provided by COAMPS is truly in error in which case 4D-Var 
should legitimately correct )*(t) to better fit the observations rather than apportioning all the error 
to the model. One way to ascertain whether the strong constraint surface forcing adjustments 
represent the legitimate uncertainties in )* is to compare them to a posterior probability 
distribution function (pdf) for ). Such a pdf can be constructed using Bayesian Hierarchical 
Models (BHMs) of the surface fluxes (Milliff et al, 2009). 
 
+,-,-'./0&1"/2'3"&%/%45"4/6'789&6"2#'
 
According to Bayes’ theorem, the posterior joint pdf , , |d pP )) 0  of the ocean surface 
forcing ) given the observations 0)'of ) is given by the ansatz: 
 , , | | , ,d p d p d pP P P P P) )) 0 0 ) )           (6) 
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conditions. However, when surface forcing corrections !(t) are also included, a significant 
further decrease in J ensues. Adjusting the open boundary conditions "(t)#in addition to $(t1) 
and !(t) leads to a further small, almost undiscernable, reduction in J. Figure 5 also shows the 
impact on J of relaxing the strong constraint on the assimilation: this experiment will be 
discussed further in Section 2.3.2. 
 

 
%&'()*#+,#The cost/penalty function J at convergence from several R4-Var experiments: (1) no assimilation; (2) 
strong constraint, only initial conditions adjusted; (3) strong constraint, initial conditions and surface forcing 
adjusted; (4) strong constraint, initial conditions, surface forcing, and boundary conditions adjusted; (5) Same as (4) 
but subject to the weak constraint. The dashed line represents the theoretical minimum value Jmin of J. 
 
Figure 5 clearly indicates that a significantly better fit to the observations, and a better estimate 
of the ocean circulation, can be achieved by adjusting the surface forcing in addition to the 
model initial conditions. Broquet et al (2009b) have demonstrated that this is indeed the case in 
the CCS as illustrated in Fig. 6 which shows time series of J from 14 day assimilation cycles for 
the period 2000-2004 for the case where only the initial conditions are adjusted, and the case 
where initial conditions and surface forcing are adjusted. Figure 6 indicates that the latter is 
clearly superior. 
 

 
%&'()*#-,#Time series of the cost/penalty function J at convergence for two sequences of strong constraint I4D-Var 
integrations, both using 14 day assimilation windows, for the period Jan, 2000 – Dec, 2004. In one case only the 
initial conditions were adjusted (blue curve), while in the other case both the initial conditions and surface forcing 
were adjusted (red curve). 
 

Free IC IC+
SF

IC+
SF+
BC

IC+
SF+
BC

STRONG WEAK

Final cost function
with different controls

3 different 4DVAR approaches
within ROMS:

1) Incremental

2) Physical-space Statistical 
Analysis System (PSAS)

3) Indirect Representer
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Summary

• High resolution, regional modeling requires high quality, high resolution 
atmospheric forcing products.

• CCS implementation using ROMS.
• Incremental 4DVAR approach yields improved state estimate. 

– Over time, adjustment extends to non-observed portions of the domain.
– Skill remains in forecast mode, beyond 14-day limit suggested by linearity 

assumptions.
• Surface forcing adjustments can further reduce model-data misfit.

– Adjustments inconsistent with independent observations
– Forcing uncertainty likely too large.
– Suggest another source of error.

• Impact of model error can be investigated through weak constraint 4DVAR
– Both PSAS and indirect Representer method are coded within ROMS.
– Cost function systematically reduced through weak constraint approach.
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Related Activities

• Quasi-near-real-time system (nearly implemented)
– Weekly hindcast cycles with 1-2 day forecast
–  AVISO SSH, NOAA tidal SSH, OSTIA SST, glider TS
– Strong Constraint Incremental (I4DVAR) approach
– Web accessible

• 10-year, 30-year Reanalysis Effort (next few years)

• Biogeochemical Modeling (in progress)

11

Tuesday, June 14, 2011



Example assimilation, 
automated NRT System 12

SSH Before
Assimilation

SSH After
Assimilation SSH Satellite

time-average of 1-week cycle, Jan. 2011
Tuesday, June 14, 2011



Example screenshot: NRT output
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Analysis of sensitivities 
5-year run, 30 km grid, 14 day window 14

 COAMPS VS. COADS 

Initial Cost function

rms(ΔT)=0.04o 

σT = 0.28o

Final Cost function

rms(ΔT)=0.07o 

σT = 0.31o

ADJUSTMENTS
to Initial Temperature

Tuesday, June 14, 2011



Analysis of sensitivities 
5-year run, 30 km grid, 14 day window 15

     ECCO VS. WOA      

        KPP VS. k-ω         rms(ΔT)=0.04o 

σT = 0.28o

rms(ΔT)=0.04o 

σT = 0.27o

rms(ΔT)=0.04o 

σT = 0.28o

rms(ΔT)=0.04o 

σT = 0.29o

ADJUSTMENTS
to Initial Temperature
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