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ABSTRACT

The general problem of retrieving both initial conditions and model parameters for coupled
atmosphere-ocean models by the adjoint data assimilation method was formulated. In particu-
lar, for a simple coupled equatorial model, where the atmosphere and the ocean were each
represented by a linear shallow water model, retrieval of 3 oceanic initial conditions (the sea
level height (SLH) and the 2 horizontal current components) together with 6 (damping and
coupling) parameters was performed. Identical twin experiments assimilating wind and SLH
data were conducted to test (i) the mutual influence of initialization and parameter estimation,
(ii) the information transfer efficiency between the atmosphere and the ocean during retrieval,
and (iii) the effect of initial guess on retrieving the initial conditions and parameters. By assimilat-
ing the wind and SLH data once per day at every grid point, retrieving both the parameters
and initial conditions together was found to be more difficult than retrieving either of them
separately. Assimilating the same data once per day in the TAO array yielded a much poorer
but still acceptable retrieval, as the amount of information might be insufficient. The wind and
SLH data were comparable in importance when retrieving the initial conditions, but not so
when retrieving parameters, the wind data being more helpful for retrieving the atmospheric
damping coefficients, and the SLH data for the oceanic damping coefficients. Errors in the
initially guessed values of the parameters or the initial conditions generally affected the retrieval
quality. The initial condition retrieval was more sensitive to errors in the guessed initial condi-
tions, especially to phase errors, while the parameter estimation was more sensitive to errors
in the guessed parameters.

Oceanography/EOS, University of British Columbia,

1. Introduction

Coupled atmosphere-ocean models are import-
ant for understanding the climate system as well
as for forecasting climate variability such as the
El Nifio phenomenon (Zebiak and Cane, 1987; Ji
et al., 1994). Our two earlier works, Lu and Hsieh
(1997), henceforth LH1, and Lu and Hsieh (1998),
henceforth LH2, have investigated the potential
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of the adjoint method, a variational data assimila-
tion method, in determining the model parameters
(LH1) and in estimating the initial conditions
(LH2) of coupled models. Verifying model para-
meters and determining initial conditions by data
assimilation are very relevant to improving the
prediction skills of simple (intermediate) coupled
models (Palmer and Anderson, 1994; Barnston
et al., 1994; Allen and Davey, 1993; Chen et al.,
1995). Using the simple equatorial coupled model
of Philander et al. (1984) (henceforth the PYP
model), LHI1 retrieved 6 coupling and damping
parameters, while LH2 retrieved the oceanic initial
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conditions (for the sea level height SLH and the
horizontal currents).

In the context of variational adjoint data assim-
ilation, parameters and initial conditions can be
estimated together (Le Dimet and Talagrand,
1986; Talagrand and Courtier, 1987; Thacker and
Long, 1988; Tziperman et al., 1989). The model
solution that best fits (in the generalized least-
squares sense) the observations within some space-
time domain, can be obtained by adjusting the
model parameters and the initial conditions simul-
taneously. In real application, it is not realistic to
isolate one when studying the other. As a further
step towards testing the potential of determining
the initial conditions and parameters of coupled
models by the adjoint method, we conducted
experiments in this paper to estimate both the 6
parameters and the 3 oceanic initial conditions in
the PYP model, thus combining the separate
approaches of LH1 and LH2. This allows an
integrated conclusion to be made, as Yu and
O’Brien (1991) have shown that by adjusting both
the initial conditions and parameters of their
model, the parameters were better estimated and
the optimal current fields in deeper ocean were
also better retrieved than those obtained by
adjusting only the parameters.

Here we investigated: (1) the influence of para-
meter estimation on initialization and the influence
of initialization on parameter retrieval, (2) the
efficiency of information transfer between the
atmosphere and the ocean and the information
sufficiency of the TAO (Tropical Atmosphere and
Ocean) array in retrieving both the parameters
and the initial conditions, and (3) the effect of
initially guessed values (for the parameters or the
initial conditions) on the retrieval of both para-
meters and initial conditions.

In Section 2, a general procedure for estimating
model parameters and initial conditions of coupled
systems is described. In Section 3, the PYP model
and its adjoint model are briefly described. The
numerical experiments are described in Section 4,
with their results presented in Section 5. Section 6
gives a summary and discussion.

2. A generic procedure for initialization and
parameter estimation in coupled models

Let x be the vector of state variables of the
atmospheric model, with X the atmospheric model
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operator. Let y and Y denote the state vector and
the operator of the ocean model, respectively. A
coupled model can be described by:

9—X( f)

ar X, Pxs ) 1),

x(O):an (21)
dy ‘
i Y(y, py, X, 1),

¥(0)=y,,

where the unknown model parameters (e.g., fric-
tion parameters, coupling parameters, etc.) and
unknown initial conditions for the atmospheric
and oceanic models are given by the vectors p,
and x,, and p, and y,, respectively.

The 4-D variational problem involves minimiz-
ing a quadratic cost function J=J(x(p,,1?),
Y(py, t), Px, Py» X0, Vo) subject to model constraint
(2.1), which is defined as:

T

J(xayapxapyaanyO): J D(x>y9 t)dt9 (22)

0

where T is the assimilation time window, and D
measures the distance between the model state
and the observations at time ¢, i.e.,

D(x’ Y t) = [x - xobs]tr Wx(t) [x - xobs]

+ [y_yobs]"Wy(t)[y _yobs] 5 (23)

where the subscript obs denotes the observations,
the superscript tr, the transpose, and W,(¢) and
W, (t), the weighting matrices.

The gradients of J with respect to, p., p,, Xo
and y, needed for finding the optimal parameters
and initial conditions can be found by introducing
two Lagrange multiplier vectors x*(t) and y*(t) to
form a Lagrange function L:

L(x, y, X*, y*, px, Py» X0, Vo)

r dx
[ e ]

+ )" [% - Y}} dr.

The differentiation of L with respect to x* and y*
will simply recover the coupled model. After integ-

(2.4)
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ration by parts, L becomes
L= [x*(t)"x + y*(0)'y 1=

d d* ()"
At
d % tr
- [—y d(rt) v+ y*(t)"Y:|} dr.

The first order variation of L is:
oL=[x*(t )‘rbx +y*()"oyliZo

dx* tr
+ V.D%éx +V,D"0y — [ { —— ) ox

x+ x*(t)"X:|

(2.5)

dt

aX tr 6X tr

+ | = t)ox + x*(t)oy
x Jdy

+ aix " x*(1)5 dy* lré
op. Px a ) ¥
aY tr aY tr R

+{ = (t)oy + | = y¥(t)ox
y ox

(2.6)

o]

The coupled adjoint model can then be obtained
by letting 6L/éx = 0L/oy =O0:

dx*  (OX\" oY \"
- ) O+ | y(1) =YD,

dr - \ox ox
x¥(T)=0,

dy* oY \" OX\"
_E=<ﬁy> d (t)+<5y> w=%D,
y¥(T)=0.

(2.7)

According to (2.7), the formulae for computing
the gradients of J with respect to p,, p,, X, and
¥yo can be obtained by differentiating (2.6) with
respect to these unknowns:

aJ JT (ax)tr o de
— - X
ope . Jo \ap,

oJ JT <ay>" o) d
= =y ,
511y o \0p,

(2.8)
Sxy *
0y Y
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In summary, the general computational proced-
ure for estimating coupled model unknown para-
meters and initial conditions using the adjoint
method is:

(1) specify an initial guess of the unknown p,,
Py Xo and yo;

(ii) integrate the coupled model (2.1) from t =0
tot=T;

(iii) compute J within [0, T] using forward model
trajectory and data;

(iv) compute the gradient from (2.8) by a back-
ward integration of the adjoint model (2.7)
fromt=T to t=0;

(v) use a descent algorithm to find a new estimate
of p, py, xo and yo;

(vi) if the convergence criteria are satisfied, ter-
minate the procedure, otherwise redo the
procedure from (ii) using the new guess of

Px> pya Xo and Yo-

3. A simple equatorial coupled model

The atmosphere (denoted by subscript a) and
the ocean (subscript o) of the PYP model are each
governed by a set of shallow water equations in
spherical coordinates:

M s

ot Ty cos¢ 0L ta>

Fa ) Su, + ga Oha _ A

or T g T T e

oh, d, du, 0(v, cos ¢)

- = —Bh, —oh

o l'cos¢<5}, LY a~ ™o
(3.1)

Ju, 1 g Oh, »

ot bo rcosd A o T 7Ma

6U°+f +g—°ah° + 3.2

o Uo + 7 o Vo + YU, (3:2)

ll d 0 o(v

ho | _do (G, OWoCOSON

ot rcos¢ \ 04 oo

where u, and v, are the zonal and meridional wind
velocity components, h, the depth perturbation
against the equivalent depth d,, u, and v, are the
zonal and meridional currents, and h, the depth
perturbation against the equivalent depth d,.
Motion is damped by Rayleigh friction and
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Newtonian cooling with respective parameters 4
and B for the atmosphere and a and b for the
ocean. The dynamic coupling coefficient is y and
the thermodynamic coupling parameter is «. The
values chosen for o and y are as in Yamagata
(1985). The Coriolis parameter is f, gravity is g,
the reduced gravities for the atmosphere and the
ocean are g, and g, respectively, and the coordin-
ates (r, 4, ¢) are the radial distance, the longitude
and the latitude, respectively. The atmospheric
long gravity wave speed ¢, =66 ms ! is chosen
such that the equatorial radius of deformation is
about 2000 km and the corresponding equivalent
depth is around 400 m. For the ocean, a long
gravity wave speed of c,=14ms™! gives an
equatorial radius of deformation of 250 km and
an equivalent depth of about 20 cm. This value of
the equivalent depth is appropriate if the sharp,
shallow tropical thermocline is considered to be
an interface between the warm surface water and
the cold deep water.

Egs. (3.1-3.2) were solved numerically following
PYP. The ocean model was run in a 200° longitud-
inal extent between 30°S and 30° N. Zonally, the
atmospheric domain was larger by 20° and was
cyclic. The solid-wall boundary condition was set
for the ocean and for the atmosphere along the
northern and southern boundaries. The grid spa-
cing was 1° latitudinally and longitudinally in
both the atmosphere and the ocean. The coupling
between the atmosphere and the ocean took place
once a day. For the rest of the day, the driving
forces for the atmosphere and ocean were held
fixed.

Since most real operational simple models have
an equilibrium atmosphere, the initial conditions
for the atmospheric model were specified to be
zero and only the oceanic initial conditions will
be adjusted by the adjoint data assimilation. Wind
and SLH data were assimilated as in LH1 with
the cost function

T
1
J= J J‘ Py {(ua - ugbs)Z + (Ua - Ugbs)Z
0] S 2

+ (hy — %)) ds dt, (3.3)

where the integrations are over the spatial domain
S and the time period 7, with the “observed”
values indicated by the superscript “obs”. Since
we scaled the 6 model variables to be of the
order 1 by using the typical values in our model,
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which are 400 m and 20 cm for the atmospheric
and oceanic equivalent depths, and 1ms™! for
the wind and the ocean current, the three data
fields were weighed equally, ie., the weighting
matrices were chosen as 1/2 times the identity
matrix.

Following the procedure in Section 2, the con-
tinuous adjoint model is derived from (3.1-3.2)
with the cost function specified in (3.3):
ou d,

okt oh}
—JUa AN
o rcos¢ O

= Auf —yud + (u, — ™),

6v;‘+f*+da6hj 14
a IR 5 (34)
= AU:‘ - VU:‘; + (Ua - U:bs) 5

oh¥ ouf  Ov¥ cos

hd S (Ouf  dvicos¢) Bix.,

ot rcos¢\ di o

ouk ot do Oh§ .

a % rcosd 04 = o>
avg dy Ohg

— + fuf+ — — - =av},

ot r 0¢ (3.5)
Oh¥ g, [ou* N vk cos ¢

ot  rcos¢\ 04 o0

= bh¥ + ah* + (hy — h2%).

Variables with an asterisk denote the adjoint
variables (i.e., Lagrange multipliers) of their coun-
terparts in (3.1)—(3.2). In the adjoint model, the
forcing terms on the RHS of the atmospheric
momentum equations and the oceanic mass equa-
tion measure the misfit between the model solution
and the data, and the damping processes take
opposite signs because of backward integration.
Notice that there exists an inverse coupling in the
coupled adjoint model in which the atmospheric
adjoint model is driven “dynamically” by the
“adjoint current” and the oceanic adjoint model
is driven “thermodynamically” by the atmospheric
“adjoint depth perturbation”. These terms allow
information exchanges in the coupled adjoint
model, so that the model trajectories of the two
single models can be tuned together.

4. Setup of numerical experiments

A 40-day run simulating the unstable local-
growth of the atmosphere-ocean coupled system
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Table 1. Parameters used in the coupled atmo-
sphere-ocean model

Parameter Values

A 23x10°° s~L[(5 days) ']
B 7.7 %1077 s~ 1 [(15 days) ']
c, = (gd,)'? 66 ms~?!

I 40 cms 2

a 1.2x1077 s~1 [(100 days) ']
b 1.2x1077 s~ 1 [(100 days)~1]
¢, = (gd, )" 1.4 ms~!

2, 2.0 cms 2

o 1.0 x 1072 st

y 50x 1077 st

in the tropical Pacific was taken as a control (see
PYP for details on this control run). The para-
meter set (Table 1) used was that of Yamagata
(1985). The three initial oceanic conditions (/,,
u,, and v,) in the control run were the oceanic
states after having relaxed the ocean model (in
the absence of atmospheric forcing or coupling)
for 10 days from an initial sea level height anomaly
of Gaussian distribution centered around the

equator in the middle of the ocean, ie.,
h=0.5 exp[ —(x*+ y*)/(500 km)*] cm, (4.1)

where the perturbation amplitude of 0.5 cm relat-
ive to an equivalent depth of 20 cm would corre-
spond to a 2.5 m displacement of the thermocline
from a mean thermocline depth of 100 m. The
formulae calculating the gradients of the cost
function with respective to the six parameters and
the three oceanic initial conditions are:

0J/0A = [[rs(ufu, + v¥v,) dsdt,
0J/0B = ([rs(h¥h,)dsdt,

0J /b0 = [[y5(h¥h,)ds dt,
dJ/ba= [[rsWdu, +viv,) dsdt,
0J/0b = [[ys(h¥h,)ds dt,

80 /3y = [frs(Eu, + vEv,) ds dr,
0J/ou, = —ug(0),

0J/ov, = —v5(0),

0J/0h, = —h%(0).

(4.2)

In all experiments conducted, the wind and
SLH data were available once per day, the tem-
poral density of the TAO array network. When
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studying the sufficiency of observations from the
TAO array in retrieving the parameters and/or
the initial conditions, the wind and SLH data
were sampled from the model domain between
8°S and 8°N, at 2° latitude by 15° longitude
resolution (about 350 data per day). Unless spe-
cifically mentioned, guessed parameters used
values 10% smaller than the control, while guessed
initial conditions were generated by first systemat-
ically scaling up the magnitude of h in (4.1) by
10% and then relaxing the ocean model the same
way as when obtaining the control initial
conditions.

As in LHI1, all experiments were performed
using a limited-memory quasi-Newton method in
the NAG FORTRAN Library routine, EO4DGF.
The root mean square error (RMSE) and the
correlation coefficient between retrieved initial
conditions and the true initial conditions were
used to score the quality of the estimations for the
initial conditions, while the relative estimation
error (ie. (estimated value —true value)/(true
value)) was used to appraise the quality of the
estimated parameters. All the experiments pre-
sented in this paper have converged, with the
minimization routine requiring typically 10? itera-
tions to converge.

5. Results from numerical experiments

5.1. The mutual influence of parameter estimation
and initialization

This issue was tested first by conducting experi-
ments with the wind and the SLH data provided
everywhere in the model domain but only once
per day, retrieving (i) both the 6 parameters and
the 3 initial conditions, (ii) the parameters only
or (iii) the initial conditions only (Fig.1).
Although the data amount was far more than the
unknowns, the retrieval quality when retrieving
both parameters and initial conditions was gener-
ally poorer than those retrieving either of them,
with the RMSE for retrieving the initial conditions
and the relative estimation error for retrieving the
parameters in (i) being typically one order of
magnitude larger than those in (ii) and (iii). This
agrees with many studies which found that more
model unknowns require more data, as informa-
tion insufficiency could cause the retrieval quality
to deteriorate (Thacker and Long, 1988; LH1).
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E initial conditions estimated
B parameters & initial conditions estimated
N

RMSE or relative estimation error

~

_*
on

u v h o a b o A B Y
Initial oceanic conditions and parameters

Fig. 1. The RMSE in retrieving the 3 oceanic initial
conditions and the relative estimation error in retrieving
the 6 parameters by assimilating the wind and SLH data
1 x per day at every spatial grid point. In one run, both
the oceanic initial conditions and the parameters were
retrieved together, while in other runs, only the oceanic
conditions or only the parameters were retrieved. As this
bar chart is plotted with a logarithmic vertical axis, a
longer bar represents a smaller error. The RMSE has no
units because the model variables have been non-
dimensionalized.

However, one must be careful when drawing this
conclusion for problems involving parameter
estimation, e.g., parameter b was better estimated
when retrieved together with the initial conditions
(Fig. 1). Thus information insufficiency may not
be the only cause for poor estimation, the existence
of secondary minima in the cost function can
result in poor parameter estimation even when
relatively more information is available. The errors
among different experiments in Fig. 1 allows us to
compare the capability of retrieving the true solu-
tion in each experiment. The differences in the
retrieval errors, judging from their small magni-
tudes, are not likely to have large effects on the
model, especially for the retrieved parameters.
Fig. 2 shows that the cost function and the gradi-
ent norm for the experiment estimating both the
parameters and initial conditions can be minim-
ized to the order of 1075-10"".

To investigate this further, we ran experiments
identical to those in Fig. 1 except that only the
wind and SLH data in the TAO array were
assimilated (Fig.3). The estimation errors were
typically 1-3 orders of magnitude larger than
those in Fig. 1. Though the data amount was still
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Normalized total cost and gradient norm

@

200 300
Number of iterations

0 100 500

Fig. 2. Change of the total cost function J and the gradi-
ent norm g = |g| with iterations during the minimization.
Both the parameters and initial conditions were estim-
ated and the winds and the SLH data were provided
once per day at every grid point. Both the cost function
(dashed curve) and the gradient norm (solid curve) have
been normalized with respect to their initial values (J,
and g,) before plotting.

E initial conditions estimated
B parameters & initial conditions estimated
parameters estimated

10 W
5 %
: %
S 10 .
g .
£ .
s 3 ‘
g 10 Z
: E é
e .
S 104 %
@ i
: ]

5 1 1 1 1 1 ! 1 L

10 u v h a b o A B Y

Initial oceanic conditions and parameters

Fig. 3. Same as Fig. 1 except that only the wind and
SLH data in the TAO array were assimilated 1 x per day.

more than the unknowns in these experiments, the
quality of retrieving both the parameters and the
initial conditions was poorer than those retrieving
either one, reflecting the fact that now information
insufficiency becomes dominant over the effect of
secondary minima. Nevertheless, the secondary
minima effect can still be detected in Fig. 3, e.g.,
relative to the results in Fig. 1, the estimation of
the h, and B in Fig. 3 deteriorated more in the
experiments retrieving only the parameters or only
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the initial conditions than in the experiment estim-
ating both parameters and initial conditions.

Though retrieving both the parameters and
initial conditions could in general result in the
degradation of their estimation quality, some char-
acteristics of the results tended to follow those
from experiments where only the parameters or
the initial conditions were retrieved. Among the
parameters, A, « and y were generally the most
accurately retrieved (as found in LH1), and among
the initial conditions, h, was easier to retrieve
than the current components (as found in LH2).

The major factor determining the accuracy of
parameter estimation and initialization is likely to
be information sufficiency, which seems dependent
on the nature of the link between model unknowns
and input data. Unknowns directly associated
with input data through the constraining model
equations were more accurately estimated than
those without direct relation with input data. That
parameters A and b were relatively better estim-
ated than B and a reflects the fact that parameter
A was bounded by the atmospheric momentum
equations where winds were available directly, and
b was constrained by the oceanic thermodynamic
equation where SLH data were available. That h,
was better estimated than the currents is because
SLH data were directly available. In principle, the
information available in the whole system could
be used for estimating all the model unknowns.
This problem involving information transfer
between the atmosphere and the ocean is discussed
in the Subsection 5.2.

5.2. The information transfer between the
atmosphere and the ocean

The effectiveness of information transfer be-
tween the atmosphere and the ocean was studied
by conducting experiments assimilating the wind
data or the SLH data in the TAO array. Both the
parameters and initial conditions were estimated
together in Fig. 4. By assimilating only the wind
data, the estimation of the oceanic damping para-
meters (a, b) and the thermodynamic and dynamic
coupling parameters (x, ) deteriorated, while the
atmospheric damping parameters (4, B) were
better estimated. In contrast to the wind case, the
atmospheric damping parameters (4, B) and the
thermodynamic and dynamic coupling parameters
(o, y) deteriorated when assimilating only the SLH
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Fig. 4. RMSE in retrieving the 3 oceanic initial condi-
tions and the relative estimation error in retrieving the
6 parameters by assimilating the wind or the SLH data
(or both) in the TAO array 1x per day. The initial
conditions and the parameters were retrieved together.

data. That the estimation accuracy of the atmo-
spheric damping parameters depends more on the
wind data and the estimation accuracy of the
oceanic damping parameters depends more on the
SLH data indicates that information transfer has
less impact on damping parameter estimations.
However, the wind and the SLH data were both
important for retrieving the coupling parameters
because the parameters o and y were constrained
by the whole system and extracted information
from both the wind and SLH data.

Compared with parameter estimation, the
retrieval of initial conditions was generally less
sensitive to the assimilated data type (wind or
SLH). With only wind assimilated, the estimated
oceanic initial conditions were comparable to
those using both the wind and SLH data (Fig. 4).
This indicates that information transfer from
atmosphere to ocean is important in estimating
initial conditions. By assimilating only the SLH
data, the retrieval quality of the initial condition
h, was poorer than using both the wind and SLH
data, or just the wind data. This is consistent with
LH2 that the SLH data in the TAO array were
less critical than the wind data.

5.3. The effect of initial guess on the retrieval of
parameters and initial conditions

When parameters and initial conditions are
retrieved together, the influence of the initially
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guessed values (for the parameters or the initial
conditions) on the retrieval quality is of practical
interest. The sensitivity of the retrieval quality to
3 types of initial guesses in which different errors
were introduced into the initially guessed values
was studied. In case 1, the initial guesses for the
initial conditions were systematically scaled up by
10% (case 1a) or 50% (case 1b) from those used
for Fig. 1, (while the initial guesses of the 6 para-
meters were unchanged). In case 2, the initial
guesses for the initial conditions were generated
by placing the origin (x,, y,) of the initial perturba-
tion h in (4.1) 4 or 8 grid points (case 2a and
case 2b respectively) to the left of where the initial
perturbation h for the control run was generated.
Again, the initial guesses for the parameters were
unchanged. In case 3, the 6 initially guessed para-
meters were systematically scaled up by 50%
(case 3a) or 100% (case 3b) from those for Fig. 1,
while keeping the initially guessed initial condi-
tions unchanged. Case 1 brought larger “magni-
tude” errors to the initially guessed initial
conditions than those used for Fig. 1, while the
initially guessed initial conditions in case 2 had
“phase” errors as the warm anomaly had been
shifted zonally.

Fig. 5 depicts the influence of initial guesses on
the retrieval quality (the RMSE) of the three
oceanic initial conditions with both the wind and
the SLH data provided everywhere and once per
day. While errors in the initial guesses generally
led to poorer retrieval quality, the drop in retrieval

10

102}

1078

% B same as Fig.1

10 %k 1 case 1a
Ml case 1b
X case 2a

108 B8 case 2b |
[3 case 3a
7 case 3b

-6

10

u, v ho

Initial oceanic conditions

Fig.5. RMSE in retrieving 3 oceanic initial conditions,
for different cases of initial guesses, by assimilating the
wind and SLH data 1x per day at every spatial grid
point.
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quality was different for the various types of initial
guess errors. For instance, increasing the phase
error (i.e., going from csse 2a to case 2b) seemed
far more detrimental than increasing the magni-
tude error (i.e., going from case la to case 1b).
The effect of the errors in the guessed parameters
on the retrieval quality of the initial conditions
were relatively small (cases 3a, b), presumably with
well guessed initial conditions, the errors in the
guessed parameters did not cause much damage
to the initial condition retrieval.

The correlation between the retrieved initial
condition and the true initial condition was shown
in Fig. 6 for the various types of initial guess
errors, with h, showing high correlations for all
experiments. For the currents, errors in the guessed
parameters (cases 3a, b) had negligible effects on
their retrieval, but phase errors in the guessed
initial conditions (cases 2a,b) caused far more
damage than magnitude errors (cased 1a, b).

The retrieval quality of the 6 parameters were
also affected by errors in the initial guess (Fig. 7).
The magnitude errors in the guessed initial condi-
tions (case la) caused the degradation of the
parameter estimation, with the relative estimation
error increasing by 1-2 orders of magnitude.
Larger magnitude errors in case 1b did not cause
poorer estimation than case la, except for the
parameter B. Large phase errors in the guessed
initial conditions (cases 2a, b) also showed detri-
mental effects on parameter estimation, with the

1.2
1 .
Z o.8F :
(%] 2
g |
5 0.6 | ]
° ; case 1a
£ % M case 1b
8 045 g N case 2a
g: £ case 2b
0.2 x % case 3a
o4
R
0 L I
Yo ho

Initial oceanic conditions

Fig. 6. Correlation between the retrieved initial condi-
tions and the true initial conditions, where the 3 oceanic
initial conditions were retrieved from different cases of
initial guesses by assimilating the wind and SLH data
1 x per day at every spatial grid point.
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B same as Fig.1 case 2b
| case 1a case 3a
10 [ case 1b ] case 3b
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o 10 ; a9 :
o Y - Y
s 10k ¥ 5 ;
s v N :
5102k ¥ S :
£ S N .
81073k Y :
o N y
T 104 Y :
o = :
107°F %
-8
1 0 | 1 |
a b o A B Y
parameters

Fig. 7. Relative estimation error in retrieving the 6 parameters, from different cases of initial guesses, by assimilating
the wind and SLH data 1 x per day at every spatial grid point.

damage increasing substantially with increased
phase error (cf. case 2b with case 2a). Errors in
the guessed parameters also lead to degradation
in the retrieval quality for all the parameters, with
very strong degradation as the errors were
increased from case 3a to case 3b.

6. Summary and discussion

In this paper, a general formalism for simultan-
eously retrieving both model parameters and ini-
tial conditions in coupled atmosphere-ocean
models by adjoint data assimilation was de-
veloped. This method was applied to the Philander
et al. (1984) simple equatorial coupled model (with
the atmosphere and the ocean each represented
by a one-layer linear shallow-water model), where
3 initial oceanic fields (SLH h, and the current
components u, and v,) and 6 parameters (4 damp-
ing parameters and 2 coupling parameters) were
estimated. A series of 40-day identical twin experi-
ments was designed to study (i) the sensitivity of
initial condition retrieval to simultaneous para-
meter estimation, and vice versa, (ii) the informa-
tion transfer efficiency between the atmosphere
and the ocean in determining the parameters and
initial conditions, and (iii) the impact of initial

guesses on the retrieval of the parameters and
initial conditions.

When retrieving simultaneously the parameters
and initial conditions of simple models by assimil-
ating both the wind and SLH data once per day
at every grid point, the retrieval quality of the
parameters and initial conditions was generally
poorer than those from the retrieval of only the
parameters or only the initial conditions. However,
the retrieval quality for an individual parameter,
where both parameters and initial conditions were
retrieved, could be better than when only the
parameters or the initial conditions were retrieved.
This resulted from the existence of secondary
minima, which could cause poor retrieval even for
problems with relatively more information than
unknowns. It was found that parameter estima-
tion, though dealing with far fewer unknowns than
initialization (where for our model, there were
7420 unknowns in the three initial oceanic condi-
tions), needed as much information as initializ-
ation did, and that the parameters A, « and y were
the most readily retrieved among the parameters.
Among the initial conditions retrieved, h, was
easier to retrieve than the current components. It
seemed that data amount versus the number of
unknowns was not a good measure for estimating
the retrieval outcome, especially for problems
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involving parameter estimation. Therefore, having
a priori information for both parameters and
initial conditions, or at least for the parameters,
should be helpful in obtaining a better retrieval
(see LHI).

By using the wind and SLH data only in the
TAO array, the information was insufficient to
retrieve the parameters and initial conditions, as
the RMSE for the retrieved initial conditions and
the relative estimation retrieval for the retrieved
parameters were 1-3 orders of magnitude larger
than those obtained by having data available
everywhere.

When retrieving parameters and initial condi-
tions simultaneously, wind and SLH data were
found to be of comparable value in determining
the initial conditions, but not in parameter estima-
tion, i.e., the wind data were more favorable for
determining atmospheric damping parameters,
and the SLH data for the oceanic damping para-
meters. The wind and the SLH data were both
important for retrieving the coupling parameters,
especially for y, the dynamic coupling parameter.

Poor initial guesses for the initial conditions
and parameters in general lead to degradation of
the retrieval quality, with phase errors in the initial
conditions more detrimental than magnitude
errors, especially for the current field retrieval.
The effects of the guessed parameters on the
retrieval quality of the initial conditions were
weaker than those of the guessed initial conditions.
The errors in the guessed parameters and the
phase errors in the guessed initial conditions pro-
duced detrimental effects on parameter retrieval.

Our conclusion “when retrieving simultaneously
the parameters and initial conditions of simple
models by assimilating both the wind and SLH
data once per day at every grid point, the retrieval
quality of the parameters and initial conditions
was generally poorer than those from the retrieval
of only the parameters or only the initial condi-
tions” is true only because in our runs retrieving
only the initial conditions, we assumed knowledge
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of the true parameters, and vice versa for the runs
retrieving only the parameters. In reality, one does
not know the true parameters when one is retriev-
ing the initial conditions. In some experiments
(not shown), we found that when the model para-
meter values were modestly off from the control,
the retrieval for only the initial conditions failed
to converge to meaningful values. Hence, in prac-
tice it may not be possible to retrieve initial
conditions without simultaneously retrieving the
parameters. This highlights the theoretical and
practical importance of this work (where para-
meters were retrieved together with initial condi-
tions) over our earlier work LH2, where only
initial conditions were retrieved for models with
true parameters. For the other situation, when
retrieving parameters only, the lack of accurate
initial conditions tends to be less of a problem.
Finally, we would point out that as our simplistic
model has many unrealistic features, e.g., the heat
loss from the ocean leaves the ocean unaffected,
and an increase in the thermocline depth necessar-
ily causes heating of the atmosphere, it can only
be run on an intraseasonal scale. For operational
El Nino prediction models, a period of several
months is probably needed to assimilate the trop-
ical atmospheric and oceanic data into a more
sophisticated model. Therefore, some of the con-
clusions presented here may not necessarily hold
for longer periods of data assimilation with more
realistic models.
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