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Abstract

A simple oceanic model with thermodynamics is used to determine
the surface thermal forcing field by the variational adjoint technique. Two
data-sets are chosen, the climatological monthly-mean sea surface
temperature (SST) and winds. We have been able for the first time to
calculate the seasonal surface heat flux patterns which are consistent with
the ocean's dynamics and thermodynamics and which agree with the
observations.

The use of a priori information is investigated in the formulation of
the cost function to obtain meaningful model parameters. Experimental
evidence has verified that adding a priori information of the estimated
parameters can increase the probability for the solution to be unique. The a
priori information also plays the role of bogus data. It serves not only to
increase the number of observations but to improve the conditioning of the
Hessian matrix. Hence the practical benefit of adding the a priori
information is to accelerate the convergence of the descent algorithm.

We learned from many test runs that surface heat flux pattern can
not be fully derived without the optimal adjustment of the model initial SST
state. The importance of a correct initial SST condition in our study is to

ensure a periodic seasonal cycle and therefore reduces the level of the data

misfit.



The result illustrates that the model, albeit simple, is capable of
assimilating the sea surface temperature (SST) observations in deriving the
surface heat flux. The comparison with the existing heat flux atlases of
Oberhuber (1988) and Fu et al. (1990) has shown that our adjoint procedure
has successfully captured the main seasonal signals of the surface heat flux
distribution over the tropical Pacific ocean, though some differences exist.

The result from this research is very promising. The methodology
used here can be easily extended to simultaneously derive the surface wind
forcing and the surface heat flux. Thus, it can provide the information

useful for the studies of climate prediction and air-sea interaction.
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1. Introduction

1.1 Motivation

The process of combining data with model dynamics, known as
data assimilation, has proven to be a powerful tool for extracting the
maximum amount of information from the observations. Data
assimilation is now used extensively in meteorology (see Thepaut and
Courtier, 1991; Navon et al., 1992) and, recently, in oceanography. As
reviewed by Ghil and Malanotte-Rizzoli (1991) and Anderson (1991), the
fundamental difference between data assimilation in oceanography and
in meteorology is the motivation. Oceanographic assimilation is not
driven by the need to forecast as is the case for meteorological
assimilation. It is motivated by the need to improve our understanding of
ocean dynamics/thermodynamics and by the need to use the much-
expanded yet still insufficient available datasets in an optimal fashion.
Therefore, the emphases of oceanographic assimilation are on model
parameter estimation, formal testihg of the model against the data, and
exploration and intercomparison of assimilation techniques.

Three elements comprise a data assimilation approach. These are
an oceanic model, assimilation technique and observations. The oceanic
model describes the physical mechanisms of ocean behavior. The
assimilation technique provides the means for extracting and filtering the

information from data. These two processes combined give the computed
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atmospheric/oceanographic fields which are consistent with both model
physics and observations.

The development and implementation of the data assimilation
techniques in meteorology have dramatically improved the ability of
theoretical models to diagnose and predict the atmospheric behavior.
However, oceanic models are less realistic and sophisticated than their
meteorological counterparts with respect to the parameterizations of
internal physics and forcing functions. This is largely due to the
inadequacy of observations in providing effective tests for verifying model
formulations.

Even with new technology, oceanic datasets are still insufficient to
provide complete, uniform and accurate information in space and time. A
major challenge confronting oceanographers is to develop data
assimilation techniques to obtain a better estimate of the ocean fields
while improving the less well-known aspects of the model, especially the
surface forcing fields. The process which derives the model parameters
from the available observations is known as parameter estimation.

The ocean is forced thermally through direct insolation, through
evaporation and precipitation, through sensible heat transfer from the
overlying atmosphere, and through the surface wind stress. Because of
limited direct measurements, the variability of the surface forcing (the
surface heat fluxes in particular) has been a vexed question in the study of
climate changes and air-sea interactions. For a long time, researchers
have been using the aerodynamic bulk formulae to study climatological

surface heat fluxes over the tropical oceans. It is commonly accepted that
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such heat flux parameterization contains a large degree of uncertainty in
the values of the empirical constants and some less known physical
parameters such as the cloud covers and near-surface humidity (Blanc,
1987; Blumenthal et al., 1989; Harrison, 1991; Seager et al., 1988). It is not
surprising to see that existing atlases (e.g. Esbensen and Kushnir, 1981;
Weare et al.,. 1981; Oberhuber, 1988; Fu et al., 1990) have shown
substantial differences in the overall patterns and magnitudes of the
climatological heat fluxes over the tropical Pacific ocean. The climate
prediction of upper ocean properties with these prescribed heat fluxes
have been unsuccessful.

Hence deriving the heat flux fields by assimilation techniques will
not only lead to better understanding of heat flux variability but aid in
climate prediction studies. The motivation of this research is to estimate
the annual distribution of net downward surface heat flux distribution
over the tropical Pacific ocean using the data assimilation technique

called the adjoint method. This research is an application of parameter

estimation.

1.2 OceanicData Assimilation Techniques

There have been two general approaches for oceanic data
assimilation, that is, the continuous data assimilation and the variational
method. Continuous data assimilation inserts observations directly into
the model while the model is being integrated forward over some time

interval. The variational method finds a solution of model inputs by






