View metadata, citation and similar papers at core.ac.uk brought to you by fCORE

provided by NASA Technical Reports Server

General Disclaimer

One or more of the Following Statements may affect this Document

e This document has been reproduced from the best copy furnished by the
organizational source. It is being released in the interest of making available as
much information as possible.

e This document may contain data, which exceeds the sheet parameters. It was
furnished in this condition by the organizational source and is the best copy
available.

e This document may contain tone-on-tone or color graphs, charts and/or pictures,
which have been reproduced in black and white.

e This document is paginated as submitted by the original source.

e Portions of this document are not fully legible due to the historical nature of some
of the material. However, it is the best reproduction available from the original
submission.

Produced by the NASA Center for Aerospace Information (CASI)


https://core.ac.uk/display/42854362?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

-

i_1§:-

(NASA-THN-83993) OCEANOGRAPHIC APELICATIONS NB3- 12829

CF THE KALMAN FILTER {NASA) 2€ p
BC AO3/MF AD1 CSCL 08C
Unclas

G3sous Oll62

Technical Memorandum 83993

Oceanographic Applications of the
Kalman Filter

/

R.W. Barbieri and P.S. Schopf

JULY 1982

National Aeronautics and
Space Administration

Goddard Space Flight Center
Greenbelt, Maryland 20771

wing




OCEANOGRAPHIC APPLICATIONS OF THE
KALMAN FILTER

by
R.W. Barbieri and P.S. Schopf

NASA/Goddard Space Flight Center
Greenbelt, Maryland 20771

July 1982

GODDARD SPACE FLIGHT CENTER
Greeubelt, Maryland 20771

TM 83993



OCEANOGRAPHIC APPLICATIONS OF THE
KALMAN FILTER

R.W. Barbieri and P.S. Schopf

ABSTRACT

The Kalman filter is a data-processing algorithm with
a distinguished history in systems theory. It’s application
to oceanographic problems is in the embryo stage and it
is in this sense that we have demonstrated the behavior
of the filter in the context of an internal equatorial

Rossby wave propagation problem.
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OCEANOGRAPHIC APPLICATIONS ON THE
KALMANFILTER
INTRODUCTION

Thé determination of the state of the ocean is a major objective of descriptive physical
oceanography, having been of concern since the earliest investig#tions of the seas. Even the diag-
nosis of the mean circulation is difficuit, eluding oceanographers due to an inherent variability
in the flow and a paucity of relevant data. Limited by ship speeds and costs, the collection of
enough in-situ data to directly solve important circulation questions has been and will continue
to remain as insurmountable obstacle.

Satellite remote sensing will provide vastly increased amounts of information about the
surface conditions of the ocean. Whether this synoptic surface data can be extrapolated to make
quality inferences about the circulation at depth remains the fundamental question of satellite
oceanography. Some quantities which are measured from space (e.g. SST) may be manifestations
of deeper processes, but it is not at all obvious how one could invert the relationship to make
reliable statements about what must be causing the surface pattern. On the other hand, there
are some particularly promising measurements which seem much more closely related to deeper
flow, such as surface topography. Others, such as wind stress provide important data on the
ocean’s forcing functions. It is felt that there is an essential link between surface topography
and deep flow which can be exploited to make the elusive problem of ocean circulation diagnosis
more tractable.

The problems remaining, however, are quite formidable. The first and perhaps foremost
difficulty is that the problem cannot be viewed as simply deterministic. It is never possible to
attach an unambiguous, deterministic meaning to the state of the ocean from knowledge of
previous data — initial conditizs.s cannot be known precisely and the equations of fnotion,
however well refined, will always remain questionable, because of unknown parameters and
un-modeled, overlooked processes. In addition, all measurement.s of the state of the ocean are
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noisy, possibly biased, and suffer from sensor inaccuracies. Moreover measurements nade of
the ocean are sparse in space and sparse in time so that aliasing of differsnt length and temporal
scales will occur.

In this report we consider stochastic processes and obseivations of them. The ocean diagnosis
problem is recast as a statistical one — given a law approximatix.\g the evolution of & stochastic
process and given sparse, noise corrupted observations of the process, how does one construct a
“best” estimate of the process. The word best is in quotes because the estimate changes according

to the criteria (the performance functional) chosen to evaluate *he success.

HISTORICAL PERSPECTIVE

The statistical tools which have been chosen to treat the oceanographic problem have their
roots in the least-square method of Gauss in the latter part of the 18th century. He had antici-
pated the maximum likelihood method thch was presented in 1912 by R.A. Fisher (1). Then
Kolmogorov (2) and Wiener (3) independently derived a linear minimum mean-square estimation
technique. This mathematical theory of smoothing and prediction was of far-reaching importance
in communication theory, The actual computation of the optimal filter was not a simple matter
because the weighting coefTicients of the Wiener-Hopf equation had to be solved for and this in
turn required the inversion of very large matrices. Bode and Shannon (4), simplified the theory
and made it applicable to a wider selection of engineering problems. They realized that the Wiener-
Hopf equation, which was essentially intractable at that time, is solvable in a fairly straightforward
manner whena shapmg filter is introduced so as to give a more explicit description of the signal.
The shaping filter yields a differential eciuation driven by white noise, the solution of which has the

same Ehfrgc_:te_rjs‘tﬁic_:_s as the signal. It wasir. 1961 that Kalman (5) presented a new approach to the
problem of optimal filtering; his work was based on the Bode-Shannon representation of random
processes and the state transition techniques. One important aspect of his approach is that he
séeciﬁed the optimal estimate to be the solution of a differential equation whose coefficients are

determined by the statistics of the process.



NEED FOR A FILTER
-' It is proposed in this report that the techaique which should be used to attach this estimation
problem is the Kalman filter. First of all a filter* is needed because the dependent variables of the
model are not always measured directly and consequently some means of inferring these variables
from the available data must be generated. This process itself, that of inferring parameter values
from data, is complex because the dynamic system (the ocean) is driven by forces and nonlinear
couplings which are not well modelled and, the relationships among the various dependent variables
(which describe the state of the ocean) and measured parameters are known only within some
degrees of uncertainty. Furthermore there may be data available from many different sensors,
each with it’s own particular dynamics and error characteristics. It would certainly be advantageous
to have an algorithm which h#ndled data from different sensors in an optimal way.

There are many ways to define optimality and these are dependent upon the criteria chosen
to evaluate performance: maximum likelihood, minimum variance, least squares, etc. For Gaussian
noise processes the Kalman filter is optimal with respect to almost any criteria which makes
physical sense. This will be elucidated below. |

The recursive nature of the filter means that data available at each succeeding time can be in-
corporated with the results of the most recent filtering step. Thus, there is no need to store all
the oceanographic data and process it at once.

In summary, the Kalman filter combines all available data with a model of the dynamic system
and prior knowledge of the physics of each sensor and produces an estimate of the desired variables
in a way that minimizes the error of the estimate in a statistical sense.

A discussion of the filter follows next along with a simple application for illustrative purposes.

THE CENTRAL PROBLEM
Irrespective of how it is formulated, the central problem of estimation theory is as follows:

given a time varying function z(t) representing a signal y(t) contaminated by noise »(t), extract

*From estimation theory literature, a filter is a linear transformation on a stochastic process.
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y(t) from z(t) as “‘cleanly” as possible when only y(t) + (%) is observed. In this problem y(t), i(t)
and their sum are considered tc be random variat les. With y(t) considered as a stochastic p:roce.ss,
the probability that z(t) will attain a certain value can be computed. Furthermore given a sequence

;z(ti)i' }‘, | of observations of the stochastic process it is in principle possible to compute the
conditional probability distribution of y(t) given ;z(ti)f g‘. 1> such a distribution represents all the
information about y(t) contained in the sequence of measurements. This distribution yields an
estimate y(t) of the trus signal y(t); this estimate is a function of the conditional distribution and
may be average value or the median value, peak value, etc. Up to this point the discussion has
focussed on a reliance upon observation of the stochastic process to learn about the true signal
y(t). But there is available another source of information about the stochastic proce.ss and that is
dynamical models; these represent approximations to the actual dynamics of the process. The
problem now becomes th to combine two independent sources of information about the stochastic
process to yield an estimate of the process which is better than if only one source of information
were used. Asa preview of what is to follow, these two sources of information are combined in a
linear, unbiased, least square sense at every discrete time point with the numerical model providing
infofmation not c;nly at observation times but also in between sucl; times. Consequently, contact
with the stochastic process (the ocean) is never lost; at all times there is model output and/or
observations available.

Modeling of the ocean’s dyr;amics with analytic or numerical models is a difficult undercaking.
Many complex physical mechanisms are either not understood, or must be eliminated from con-
sideration for practical reasons. In addition, the initial conditions for any model calculation are not
precisely known in a deterministic sense.

In spite of such obstacles, analysis and estimation of ocean dynamics can still proceed, but must
be done from a different point of view. The error sources mentioned above can be described in a
statistical sense, and this information used in the model prediction. This is already implicitly done

by numerical modelers. They ignore the details of sub-grid processes because they have confidence
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that the energy in these processes is low and that their interaction with the larger scale features is
adequately represented through certain parameterization schemes. The statistical information
about the error sources is passed to the system through a model noise term in the governing dif-
ferential equations. This is usually interpreted as a white Gaussian stochastic process. (State
augmentation techniques are readily available for handling non-white sources; the resulting aug-
mented system mo.del is then driven By white noise so that the procedure derived below is quite
general and can encompass random bias noise, Markov processes, etc.)

It will be assumed that the physical phenomena is adequately modelled by a linear stochastic

differential equation of the form
d X, TA (t) X, dt+ B(xt,t)u(t)dt +G (xt,t) d w(t) (nH

where A, 8, C are appropriately dimensioned matrices, x, is the stochastic process, u(t) is a deter-
ministic forcing function and dw(t) is a Brownian motion process representing the uncertainties
discussed above. In addition to the information about the system as provided by the numerical
model, there are observations of the dynamical system. The observations, denoted by a vector

z(t), are related to the state of the system, x(t), by the measurement equation
z(t) = H(t) x (1) + (1) (2)

where H(t) is an appropriate matrix and v(t) is the noise embedded in the measurement. (Note
that tile transformation H allows us to predict velocity (x) and n;easure surface height (z), for
instance.) The solution of equation (1) is not a triviai task and it is not the intent of this report
to delve into the methods of it’s solution. For that, there are several excellent texts available:

Gihman and Skorohad (6), Amold (7) and, Soong (8). Suftice it to say that the solution of (1)

is given by
t t
x(t) = & (t,t)) x(ty) + £ B(t,7) B(ru(r)ds + [ &(t,r) G(r)dw(7) (3)
to to
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where @ (t,t 0) is the state transicion matrix. Realizing that this algorithm will be implemented on

a digital computer, the equivalent discrete time form of (3) is given by
X(tpp) = Dt t) x () +By(tu(t) +a(ty) 4)

where it has been assumed that u(t) is constant over each interval t;<t<t,,, and

ti+1
By(t) = I o(t;, 1, t)B(r)dr (5)
4
- t.+l
oty = ‘( ®(t;4;, 7) G(r) dw(T) (6)

i
Furthermore o(t;) is a white Gaussian discrete time process with the same statistic as those of the

stochastic process d\\(( t), namely
E {oz(ti)} =0 7

In addition to the discrete time equation (4) with associated statistics (7) and (8), the measurement

equation (2) must also have a discrete time form
2(t) =H(t) x(t) +ut) )
where the measurement noise vector ¥( ti) is assumed to have the statistics given by
E {"ﬂi)} =0 (10)
E{ut) vt} = R (6 | (1)

The stage is now set for the discrete version of the Kalman filter,



THE KALMAN FILTER
The Kalman filter is 1 data processing algorithm which has embedded in it ihe dynamics of the

system; the overall structure of the entire problem is shown in Figure |

SYSTEM ESTIMATE OF
STATE OBSERVATIONS THE STATE
DYNAMIC
SYSTEM
ERROR DYNAMIC MEASUREMENT _ | KALMAN
SOURCES SYSTEM X(t) SYSTEM 2(t) FILTER Rt
AND S ‘
FORCING }
MEASUREMENT A-PRIOR!
ERRORS INFORMATION
Figure 1.

The estimafion problem associated with the syst.em equations (4) and (9) can be stated as
follows: determine an estimate, ':E(ti), of the true but unknown state x (t;) under the condition
that this estimate should be a linear function of all observations and must satisfy the following
conditions

()  &(t;) must be unbiased
(i) R( ti) minimizes the expected value of the square of the error magnitude;
ma&£¥&&%ﬂ9ﬂﬂ«@—ﬂ@%=mm

The estimation problem as just stated embodies three sub-problems:

Filtering Problem - the best estimate of the state is required at the same time as
the last measurement.
Smoothing Problem the best estimate of the state is required at some time tefore
the last measurement.
Prediction Problem  the best estimate of the state is required at some time after
the time of the last measurement.
The estimation problem can be viewed in terms of computations at measurement times and be-

tween measurements. Certain variables must be propagaied between measurements: the state of the



dynamic system and the error covariance matrix, At the time of each measurement the propagated
state estimate must be appropriately weighted and linearly combined with the measurement to
yield a new estimate of the state. This new estimate is then used as an initial condition for the
dynamic system and the process begins again.

The algorithm depends upon the estimation error defined as

X(E) = R(tD - x(t) and T(t}) = /P - x () (12)

where the superscripts (-), (+) denote times immediately prior to and after a discrete measurement
is incorporated at t;. Given a prior estimate of the state R(t7,) at time t,, what is sought is an updated
estimate ﬁ(t;) based on use of the measurement z( t;). So asto avoid a growing memory require-
ments, the updated estimate is required to be a linear combination and recursive; that is the updated

estimate must have the form
(D =K' (Y RED+K() z (1)) (13)
where K'( t,) and K(ti) are unknown time varying weighting matrices. Equatioas (9), (12) anc (13)
are used to construct a respresentation for}( t"i'):
;(}D = (K'(t) + K(tpH() — 1] x (t) + K'.(ti);(t_i) + K(t)m)); (14)
equation (10) and the condition that the estimate R(ti) must be unbiased leads tc the representation
K'(t) =1 - K(t;) H(t) ' (15)

With this representation for K'(t), the updated estimate (the post measurement estimate) takes the

form

Rt = (5) + K(ty [2(tp = Ht) &) (16)
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The error recur;ion is given by
X (E) = (1= K(tp H1 R(E) + K(m(ey) a7

where K(ti) is the Kalman gain matrix. It is obtained by minimizing the sum of the diagonal

elements of the error covariar.ce matrix
Pt} = E{X() X T(E )l (18)
This operation minimizes thz length of the error vector X( t‘;). The resulting form for K is
K{t) = Pt7) 4T (¢]) [H(t)Pt DHT rt) + R(t)} -] (19)

where superscript T denotes transpose. P(t?) is the error covariance matrix prior to the incorpor-

ation of the measurement at t; ;nd is defined by
P(t]) = Ei'i(t})?(f (t})}. (20)
This matrix is computed during the prediction step and evolves from the last observation time by
POED) = &0ty 4 ) PO @T(y, 1) + Q) @n
This best estimate of the state at t; is obtained from
R = &t _ R + By(t_puct,_,) Q)

All of the equations necessary to implement the Kalman filter have been presented, in summary

they are

X(tey) = B(tyq,t) x (1) + By(tp) u(t) +at)

2(tiy)) = Hty ) x (t4)) + Aty )

RAT,) = Bty t) R (1) + By(tpu(t,)
P(t5,) = Dty t) PAD®T (L, 1)+ QL)
R(ap) = (T +K(tep) [a(ty)) = Hity ) G, )]
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P(,)) = (1= K(t) Hity )] B(E, )

Kty = Py ) HTO ) [HOG, ) P05 ) HT (G, ) + Rigy ) !

The first two equations are state equation and the measurement equation respectively. The third
and fourth equations represent the propagated state estimate and propagated error covariance
respectively, The third equation may be interpreted as an estimate of the state at time ti4q prior
to the inclusion of an observation. L'\tiﬂ) provides a statistical measure of our confidence in the
estimate, x( tie1 ), of the true state x( ti*l) prior to the use cf the observation at tieg- It can be
interpreted geometrically as giving the magnitude of the major and minor axes of 2a n~dimensional
ellipsoid inside of which the true state X(t;4) resides. The last three equations have to do with the
time immediatzly after a measurement has been processed. It is seen that x(tiﬂ) is a linear com-
bination of the propagated state and a vector z(tiﬂ) - H( tiﬂ) X (t;4 ) which is known as the
residual vector. This residual vector is the difference between the actual measurement at sy, and
the “calculated” measurement H(t;, ;) x(t;, ;). The matrix P(t;ﬂ) provides a measure of our con-
fidence in the estimate, Q(t;,_l), of the true state x(t;, ) after the measurement at t.+1 has been
incorporated. It has the same geometrical intérpretation as P(t;ﬂ). In most instances the volume
of the error ellipsoid corresponding to P(t;, 1) is sz:naller than that volume corresponding to P(t;, ;)
because the measurement is expected to add wformation about the system and thereby improve
the estimate of the state. The gain matrix K( ti+ 1) is seen to depend upon the pre-observation
covariance matrix P(t;,l ), and the measurement equation matrices; the gain matrix is the weight
given to the residual vector and therefore represents the confidence to be attached to the measure-
ments. Both P(t;'ﬂ) and K(t,, ) can bs expressed in forms which reveal the effect of measurement

noise more explicitly; that is,
Pty = Plaq) +HT (g, ) Ry, ) Heyy )
Kty = P(ti:‘l) HT(t;, 1) R (4, )
The last term in P~! (t;.'.l) is the Fisher information matrix which rlays such a key role in the

problem of observability; it provides a measure of the contrit-1tion, from the odservations alone, to

the reduction in uncertainty in the estimate. The gain matrix is directly propertional to the

10



uncertainty in the estimate of the state and inversely prdportional to the measurement noise. Thus
when the measurement noise is large, confidence in estimate of the state is not significantly im-
proved and the weight K(ti + 1) given to the measurement is small. On the other hand, when R(ti+ l)
is small, P(: i+1 ) becomes much smaller than P(t;l) and the gain matrix is large indicating much
more confidence in the measurement.

A formal derivation of the filter equations is given in McGarty’s text (9) and is based on the ap-
proach taken by Kalman (5), that is, from the vector space point of view and the use of orthogonal
projections. The text by Maybeck(10) has the derivation from the point of view of Bayes theory.

Several aspects of what has so far been presented will now be discussed. First the statistical be-
haviour of the noise vectors a(ti) and #(t;) is assumed to be white. What this means is that the noise
is uncorrelated in time. When looked at from the power spectrum point of view, the assumption
means that the power of the stochastic process is distributed uniformly over all frequency compon-
ents. For the applications considered upon in this report it is known that this uniform distribution is
not true. The assumption of white noise, although theoretically defenseless, does lead to a much
simpler algorithm. A more meaningful approach is to let the model and/or measurement noise be
non-white, assume a partic'ular power spectrum (or autocorrelation) and derive a system of differ-
ential equations corresponding to such a spectrum, which do have white noise sources.

The procedure for handling correlat=d noise is presented in Maybeck (10) and Gelb (11).

In equation (3) there appears the opeﬁtor which takes the initial state x(t,) into the state x(t);
this operator is known as the state transition matrix and it exists only for linear time-invariant or

linear time-varying differential equations. In the time-invariant case
®(1,t,) = A1),

The evaluation of the exponential as a pow=r series may present convergence related problems if
t-t, is not small. A closed form expression for the exponential can be derived either as a special case

of the study of the functions of a matrix or by an algebraic method based on the Laplace transform.
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The Laplace tran- .rm procedure is attractive when the number of equations is small.

In the time-varying case

t
B(ety) = ety AT
and similar computational problems as in the previous case are found.

In those cas~s when the non-linear equations must be used, there is available the extended
Kalman-Bucy filter. The key aspect of the extended filter is that the non-linear system is numeri-
cally integrated to update the state in between measurements.

The application of the extended filter to oceanographic problems will be the subject of our

next paper.

AN EXAMPLE
To show how the Kalman filter algorithm works, it was decided to apply it to the estimation

of internal equatorial Rossby wave propagation. The equation of motion is

9 9%v 3%y 50V . 3V _ S _
at lox2+ ay2) Yot tax - © (22)

A separation of variables leads to the equation

9 9%v _ 9V : .
5t 32 — (@m+iyvi= -3¢ (23)

where m 1s the meridional equatorial mode.

The problem was cast in a zonally periodic domain, with 10 grid points used to resolve the zonal
structure. In order to keep the problem as simple zs possible only two-time level marching techni-
ques, with trapezoidal or forward timesteps, were used to integrate the model equation. With the

second order horizental differences, the forward scheme is unconditionally unstable.



The model errors are taken to be the numerical error only; no additional model noise was
introduced as was done in Ghil, Cohn and Dalcher (12). The first problem was to determine the
model error covariance matrix Q. This can be done in this case because of the luxury of having an
analytical solution. One time step was taken and the average of the difference between the analytical
and numerical solutions was computed as a function of the separation distance. In addition to
having the time history of the actual errors available, denoted by At and A~ in the figures, P* and
P~ are also computed and these denote the traces of the covariance matrices given by P(:i) and
P(t ;) respectively. Finally each figure has a history of A™, which is the error incurred by running
the numerical model without incorporating any data. Figure 2 shows results using a trapezoidal
scheme; measurement error is 2.4%, médel error is 4%, im'tial conditions are known to within 1%
and 5 of the 10 points are observed. Notice the history of the matrices A™, P™, these are measures
of the actual and computed errors before data is incorporated. There errors are stable and hover
around the 5% error level. Now notice the error matrices A+, P+, which are measures of the actual
and computed errors after measurements have been incorporated. These errors are also stable and
hover around the 2% level. It is clear how the use of measurements. serves to reduce the pre-
measurement covariance matrics, A~, P, and how the application of the filter serves to signiﬁcgntly
reduce the error made by leaving the numerical model alone and not applying the Kalman filter at
all,

Figure 3 shows results when only the initial condition uncertainty was changed. Here, the
initial conditions are not known very well with an error of about 31.6%, compared to 1% in Figure
2. The results are the same as in Figure 2; here it is clearly shown how the filter behaves when
initial conditions are poorly known. This behavior is attributed to the fact that the measurement
noise is small. The initial error has been erased after two observations.

Figure 4 shows results when only one grid point has been observed. The input conditions are
otherwise the same as in Figure 2. Several points are clear; first the excursions of A~ and At about

P~ and P* are larger than in the previous two figures, Secondly the incorporation of information
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from one-grid point hardly reduces the uncertainty P* cf the estimate of the state. The filter
results P—, P* asymptotically approach a level of about 7%.

Figure 5 shows what happens when only one point is observed and the initial condition error
is large. Asin Figure 3, the filter takes slightly longer to erase the large uncertainty in initial con-
ditions; in particular five measurements at the one grid point are sufficient to bring the filter per-
formance down to the same error level as in Figure 4.

Figure 6 shows results when the forward timestep scheme is used. The numerical model be-
comes unstable, and consequently the estimate of the model noise error covariance matrix, Q, is
slightly larger than in the first four figures; in particular the model noise is estimated after one
time step to be 7.2%. All other input parameters are the éame as in Figure 2. The results show
that both A~ and P~ track very well with an rms error level of about 8%, as opposed to about
5%, in Figure 2. This level of error is only slightly larger than the assumed model error. When data
is incorporated the rms level of uncertainty of the state estimate approaches 3%. However there is
a hint that after many time steps the post-measurement actual error, as given by A+, begins to
diverge from the post-measurement error as computed by the filter a;ld given by P*. Thisisan
encouraging finding for it says that even though the numérical integration is unstable and will
diverge when no data is used (see the plot of A™), the incorporation of data and the Kalman
filter prevents the unstable scheme from getting away. The use of data yields a new estimate of
the state of the dynamic system and this new state is used as an initial condition for the next step.
It is the constant updating of initial conditions that brings the results of the unsta®le scheme back
so that at the beginning of the next step the numerical model starts closer to the ana'ytical model.

Figure 7 shows what happens when the forward timestep scheme is used with a large initial
condition error and only one point observed. During the first several time steps the filter is able to
significantly reduce the initial conditions error. However the observation of only one point is not
sufficient to prevent the uns’.ble scheme from influencing the overall filter performance and con-

sequently, the error covariance matrices become very large.
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CONCLUSIONS

The extraction of information from measurements of a dynamic system governed by a
stochastic evolution law is a characterization of the general ocean circulation problem. The Kalman
filter, a specific tool from the framework of recursive estimation theory, provides an optimal way
of utilizing measurements and fnodel output to obtain greater confidence in the estimate of the
systems evolution.

The filter has been applied to the internal equatorial Rossby wave propagation problem with
rather encouraging results. Analysis of numerical experiments has demonstrated the filter’s per-
formance in the presence of initial condition errors, measurements errcrs and modelling errors.
For the class of problems treated here, initial condition errors are rapidly erased, within 5 time
steps. Measurement errors tend to add a constant bias to the covariance matrices.

The most encouraging result is the performance of the filter in the presence of a numerically
unstable integration scheme. Provided there are enough observations of the dynamic system, the
filter tends to weight these observations more heavily and the unstable scheme never has the
opportunity to overwhelm the filter and force divergence.

Also demonstrated is the performance of the filter using different observatioﬁ schemes. When
only one grid point is observed, the actual errors tend to show slightly larger deviations than the
case when five grid points are observed. The covariance matrices P~ and P* show the same shape
time history as the case when five points are observed; however the asymptotic value is slightly
larger. In summary, the Kalman filter and its extensions show much prormise as a tool for analyzing

oceanographic problems from a statistical point of view,
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