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•Overview of the Inverse Regional Ocean Modeling 
System

• Implementation - How do we assimilate data using 
the ROMS set of models

• Examples, (a) Coastal upwelling (b) mesoscale
eddies in the Southern California Current

Goals 



Inverse Regional Ocean Modeling System (IROMS)

Chua and Bennett (2001)

Inverse Ocean Modeling System (IOMs)

Moore et al. (2003)

NL-ROMS, TL-ROMS, REP-ROMS, AD-ROMS

To implement a representer-based generalized inverse method 
to solve weak constraint data assimilation into a non-linear model

a 4D-variational data assimilation system for high-resolution basin-
wide and coastal oceanic flows
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1) model missing 
dynamics

2) boundary conditions 
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3) Initial conditions 
errors
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Representer Matrix

Assume you want to compute the model 
spatial covariance at time T
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… back to the system to invert ….
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STEP 6) Update model state using REP-ROMS
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The ASSIMILATION Setup

Final Time

Initial Condition

0t

Nt

Problem: 
Assimilate a 
passive tracer, 
which was 
perfectly 
measured.
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How about the initial condition?

Model Dynamics are Correct 1 1
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What if we allow for error in 
the model dynamics?
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What if we really have substantial 
model errors, or bias?
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Which is the model with the 
correct dynamics?

Nt
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What if we apply more smoothing?
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Happy data assimilation and forecasting!

Di Lorenzo, E., Moore, A., H. Arango, Chua, B. D. Cornuelle, A. J. Miller and Bennett 
A. (2005) The Inverse Regional Ocean Modeling System (IROMS): development 
and application to data assimilation of coastal mesoscale eddies. Ocean Modeling 
(in preparation)
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