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Abstract

A variational data assimilation method for a reduced gravity model is
developed. The method is applied to the equatorial Pacific Ocean. In the variational
formalism a cost function measuring the “distance” between the model solution and
the observations is minimized. The phase speed of the model is used as a control
parameter and the optimal spatial structure giving the best fit of the model to the
observations is determined. In the minimization algorithm a conjugate gradient
descent direction is used. The method is computationally effective, and for the
experiments considered convergence is achieved in ten iterations or less.

Several experiments are performed using the model solutions as observa-
tions. It is shown that the assimilation algorithm is able to determine the spatial
structure of the phase speed, even if observations are available at only three sta-
tions. The estimated phase speed is not sensitive to errors in the observations, and
the algorithm gives a unique solution to the problem.

Real sea level observations from three stations are assimilated for two
different periods. The year 1979 was chosen to represent a year without an El Nino,
while 1982/83 was chosen to represent an El Nino year. For 1979 the assimilation
gave a phase speed with higher values in the west and lower values in the east
compared to the initial guess of a constant phase speed. Assimilation of observations
in 1982/83 gave the opposite picture, with lower values in the west and higher

values in the east. This result is consistent with observations. The phase speed is
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proportional to the depth of the thermocline, and during normal conditions the basic
stratification consists of a deep thermocline in the west and a shallow thermocline
in the east. During an El Nino the picture is reversed. Calculating the correlation
coefficient between the model results and the observations shows that the correlation
increased for all the stations during the assimilation, even at stations which were

not a part of the assimilation.
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1. Introduction

The oceanographers will experience an explosion in the number of obser-
vations available in the next decade. Several new observational techniques are being
developed. Satellite measurements (altimetry, scatterometry) around 1990 will give
the oceanographers a large amount of new data. New techniques for observing the
interior of the ocean (such as tomography) will also create a new data set. Tt will be
important to be able to extract as much information as possible from this new data
set. The use of numerical models will play a crucial role in this work, and methods
for four-dimensional data assimilation have to be developed. From a meteorolo-
gist’s point of view, data assimilation is the process through which observations
distributed in time and space are treated in order to specify the initial conditions
of a numerical forecast. The large number of stations taking meteorological obser-
vations at synoptic times make the initializing process possible. Even with the new
observational techniques in oceanography mentioned earlier, the amount of data
will not be large enough for an initialization of the oceanographic models in the
same sense as the meteorological models.

Oceanographers have until now had little experience with four-dimensional
data assimilation. Meteorologists have on the other hand worked with this problem
for a long time. For a review of data assimilation methods used in meteorology,
see e. g. Bengtsson et al. (1981), Lorenc (1986), Navon (1986) or Le Dimet and
Navon (1989). Over the last decade, the development and implementation of four-

dimensional data assimilation techniques have dramatically improved the accuracy
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and dynamical consistency of meteorological analysis. Over the past 30 years of de-
velopment of numerical analysis and assimilation schemes, most presented schemes

belong to one of basically three different classes of algorithms:

(1) Local polynomial interpolation methods
(2) Statistical (optimal) interpolation methods

(3) Variational numerical analysis methods

In the polynomial interpolation method, polynomial functions are adjusted
to the observed data in the close neighborhood of each gridpoint. These methods
were first introduced by Panofsky (1949) and also by Gilchrist and Cressman (1954),
and have the great advantage of being both very simple and economical to use. The
polynomial interpolation methods have been used for a number of years and are still
often used {or various purposes.

The choice of mathematical functions used to approximate the variation
of meteorological variables in the vicinity of the gridpoint is quite arbitrary, and
past experience on e. g. atmospheric scales does not enter into the analysis. In the
second class of assimilation schemes, the statistical (optimal) interpolation schemes,
past experience about the behavior of the atmosphere is used as the main source
of information for determination of the interpolation weights. Eliassen ( 1954) first
proposed the method based on spatial autocorrelation functions of the pressure
field, while Gandin (1965) developed the method for operational use. Weights are
assigned to a linear combination of observed departures from a guess field in an at-
tempt to minimize the mean square analysis error. This requires knowledge of the
statistical properties of the observed and unknown variables. The statistical infor-
mation needed is the first and second moments of these variables. These methods

are now widely used, especially as part of assimilation procedures for large-scale
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prediction models, see e. g. Lorenc (1981). One major advantage of statistical
interpolation is that it produces a practical and internally consistent approach for
treating a large set of heterogenous observations, and it is at present the technique
which produces the best results for operational weather forecasting. However, there
are certain difficulties in using statistical interpolation. Several problems occur
when this method is extended to the time dimension or is used in conjunction with
an explicit dynamical model for temporal evolution of the atmospheric flow. In fact
the procedures now in operational use are already in effect a heuristic generaliza-
tion to the time dimension, but the successive analyses are still performed almost
independently of the evolution equations. The question remains open of how much
could be achieved by making the assimilation process more consistent with these
equations. There are also other defects with statistical interpolation. One is that it
tends in some cases to smooth excessively the analyzed fields. Excessive smoothing
may be particularly troublesome for mesoscale forecasting models, since it may in-
hibit developments which are unlikely from a statistical point of view, but are very
important to predict correctly, just because of the rarity of their occurrences.

The statistical (optimal) interpolation methods are computationally ex-
pensive to use. Large systems of linear equations have to be solved to find the
interpolation weights. Successive correction methods introduced by Bergthorsson
and D&os (1955) and Cressman (1959) and modified by Bratseth (1986) may be
looked upon as an empirical approximation to the statistical interpolation method.
In these methods the interpolation weights are computed explicitly without solv-
ing a system of linear equations, so the number of computations is relatively low
compared with the statistical interpolation method.

For linear models an extension of the optimal interpolation methods is the

Kalman or Kalman-Bucy (K-B) filtering (Kalman, 1960; Kalman and Bucy, 1961).
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The K-B filter is even more computationally expensive to use than the optimal
interpolation methods. In the latter method an estimate of the error covariance
function (the covariance of the model/data differences) is used to compute a correc-
tion to the model solution. In the K-B filter the estimate of the covariance function
is updated each time step. If a sophisticated model is used, the computational
requirements may be unaffordable. The K-B filter has appeared in meteorology, e.
g- Ghil et al. (1981). Lately it has been discussed in the oceanographic literature:
Miller (1986), Budgell (1986, 1987) and Bennett and Budgell (1987). In all these
applications a simple model has been used.

Miller (1986) used a Kalman filter to assimilate data into an eddy resolv-
ing open ocean model. He used the full Kalman filter, but in order to implement
the method, the filter was applied to simplified systems designed to capture some
of the properties of open ocean modelling. Results from Bennet and Budgell (1987)
show that the K-B filter with regular time and space sampling at a certain pe-
riod/wavelength, will not converge for waves of shorter periods/wavelengths. Kin-
dle (1986) got similar results using an eddy resolving numerical model. He found
that the model integration would not converge given observed data unless the data,
had a time/space sampling rate equal to the time/space decorrelation scale of the
model eddy activity. The method Kindle (1986) used was a direct replacing of
observations into the numerical model, and he got essentially the same results as
Bennett and Budgell (1987). So one conclusion from these studies is that use of
the K-B filter does not overcome the problem of resolution, but it does allow for a
more rapid convergence for the periods/wavelengths which can be resolved.

The third class of assimilation schemes consists of variational analysis
methods. In these schemes a given measure of the “distance” between the analysis

and the observations is minimized. The analyzed field must at the same time (ap-






