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The use of High Performance Computing (HPC) facilities allows for the
implementation of computationally intensive statistical data assimilation techniques.
We want to employ some of these techniques to assimilate temporal/spatial

Physical Model

Data Assimilation

In order to simulate fluid motion and the effects of turbulent mixing on the distribution of the biological state variables we
use the General Ocean Turbulence Model (GOTM, http://www.gotm.net). GOTM is written in Fortran 90/95. It includes
different turbulence parameterizations as options for dynamic, spatially one-dimensional

simulations of the upper ocean.

observations into a realistic one-dimensional ocean model. The model is based on . ) Modelled Temperature (°C)
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Estimate and Forecast:
« the time evolving physical and biogeochemical state.

Here u and v are the current velocities in east-west and north-south directions, respectively. T denotes temperature and
S salinity. The terms fu and fv denote the influence of the Coriolis force on current velocities. F, and F, represent
pressure gradients and surface wind forcing. Frand Fg are the sources and sinks for T and S due to heating and cooling
and precipitation and evaporation at the sea surface. K is the turbulent viscosity for v and v, and K;’is the turbulent
diffusivity for Tand S. GOTM includes a variety of turbulence model options to compute these diffusivities.

Framework: nonlinear and nonGaussian state space models

The Bermuda Atlantic Time-series Study (BATS) is a long-term monitoring program at a
site in the western gyre of the Sargasso Sea, 50 nautical miles southeast of Bermuda. The
observational data may be retrieved from the world-wide-web at http://bats.bbsr.edu/. For
overview of the BATS study, see Steinberg et al. (2001).
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Currently we examine the 183 available core cruises. These encompass the period from 5 ) =
0Oz

October 1988 to December 2003 with approximately one cruise per month. We consider 0z
Where X € {Phy,Det,DIN,Chl} denotes one of the biological state variables. SMS(X) models the sources and

Approach: sampling-based solutions using sequential Monte Carlo
methods, e.g. ensemble Kalman filter, particle filters (see Dowd
2007).

Computational Issues

Biological state variables that are integrated into GOTM become subject to turbulent mixing as follows:

) SMS (X)

measurements at depths ranging from 0 to 4300 m. Our variables of interest are physical
and optical measurements from sensors like CTD, and biological and chemical variables

measured on water samples that have been collected in Niskin bottles.

sinks of X and has the same functional form as the right hand side of the biological equations (6)-(9).

Ensemble-based methods require many numerical model
integrations (>102-103), hence, they are computationally expensive

o T : for realistic applications.
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