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1. Introduction

With the purpose of improving the performance of a state-of-the-art lower resolution atmospheric
global climate model (AGCM) a new technique to determine systematic initial tendency errors (SITES)
from high-resolution reanalysis data are devel oped and validated.

The AGCM in question is the latest versions of the ECHAM model that originally was based on an
early version of the ECMWF model. It was modified and further developed for long climate
simulationsin HAMburg at the Max Planck Institute for Meteorology and has gone through successive
updates. The latest version is called ECHAMA. It is a spectral, Eulerian PE model with a T42 resolution
and 19 hybrid vertical levels (Roeckner et a., 1996a). For comparison the ECMWF reanalysis (ERA 15,
REF??) presently available has a horizontal resolution of T106 and use 31 hybrid vertical levels. When
run in long simulations under present-day conditions, with either prescribed observed monthly SST and
sea-ice distributions or coupled to an ocean GCM, typical systematic errorsin the general circulation of
the model atmosphere develops (Roeckner et al.,1996b, Fig. 3). It has been shown that these systematic
errors cause significant errors in the simulated regional climate, precipitation and near surface
temperatures, over Europe at least, both in the course resolution ECHAM simulations and in high
resolution simulations with a nested limited area model, HIRHAM. Similar large-scale errors which,
however, differ on the regional scales, are found in other state-of-the-art GCM/nested LAM systems
(Machenhauer et al., 1996, 1998, Christensen et al., 1999). The presence of such systematic errors leads
to reduced confidence in the estimates of regional climate changes due to prescribed anthropogenic
forcing scenarios, e.g. increasing greenhouse gas concentrations (Machenhauer et al. 1998, 2000).
Therefore, in order to obtain more reliable estimates of the regional climate changes, to be expected in
the future from such forcing scenarios, it is necessary that the systematic model errors be substantially
reduced. This has been our motivation for the development of the SITE detection technique to be
presented in the following.

The systematic errorsin the fields of prognostic variables (e.g. temperature) which we want to
eliminate must be caused by a misrepresentation of certain physical processes in the model. In some
cases they may even be caused by the complete omission of other processesin the model. We want to
isolate (and eventually correct or include) the dominant processes being misrepresented or left out.
Analysis of the systematic errors of the prognostic variables themselves are generally not so helpful in
this regard, because they show an integrated response to remote as well aslocal model errors. In
themselves, such analysistell usthat something iswrong, not what and where. Exceptions may be
found when a systematic error isindeed caused by an erroneous local orographic or thermal forcing.



That isatype of systematic errors which is most easily detected and corrected. The general problem of
relating individual model errors to the misrepresentation of specific physical processesis, however, a
difficult one, which has led to expensive and sometimes ad hoc sensitivity experimentation. In the
absence of prior hypothesis thisis a hit-and-miss approach at best, and can lead to unphysical tuning
(Klinker and Sardeshmukh, 1992). Instead we shall, following the pioneers referred to below, aim at a
direct estimate of the strictly local SITEswhich more easily can be related to errors in specific physical
processes.

To our knowledge Eliasen and Machenhauer (1965) made the first estimates of SITEs. They estimated
tendency errors for the non-divergent barotropic vorticity equation. This isthe most simple balanced
model and at that time it was still used as an operational forecast model (Chrismann, 1958). A series of
tendency computations, i. e. one time step forecasts were made with initial fields determined from the
12-hourly 500 hPa hand analyses from January 1957 which had been produced in preparation for the
International Geophysical Y ear, 1958. Each of theinitial fields was represented by the most large-scale
spherical harmonic coefficients of a geostrophic stream function. Slightly smoothed tendencies for
selected spherical harmonic coefficients were compared with the respective observed (or analyzed)
ones. For the ultra-long (or planetary scale) waves the unbalanced beta terms were found to giverise to
large systematic negative (westward) phase errors and the nonlinear interactions were found to give too
large, quickly varying tendencies. This was found to be consistent with the fact that the non-divergent
barotropic vorticity equation does not include effects of the kinematic boundary condition at the Earth
surface. Neither effects of the orographic and thermal forcing, which were supposed to account for the
observed quasi-stationary character of these ultra-long waves. Nor effects of the local time derivatives,
which would reduce scale selectively the magnitude of the computed tendencies. In a subsequent
repeated evaluation of theinitial tendencies, after the introduction of simple parameterizations for these
lower boundary effects, the systematic errors for the ultralong waves were reduced substantially. The
addition to the vorticity equation of atemporary constant term equal to the monthly mean tendency
error preliminarily determined and the addition of aterm derived from the divergencetermin
accordance with the formulation of the equival ent-barotropic model were the respective
parameterizations tested. Thisfirst application of SITE estimation illustrates the basic elements of the
present model improvement method. The model tendencies which are evaluated are computed at first
from initial model stages determined from the best analyses available, i. e. from fields as close as
possible to reality, given the limitations by the discrete representation of the model in question. The
ideaisthat the SITEs obtained shall be compared with each individual term in the model tendency
eguation, each representing a different physical process, in order to determine which process (or
processes) isresponsible for the errors. In the present case it was easily seen that the beta term
contributed with large unbalanced westward phase tendencies and that the nonlinear advection term
gavetoo large variations in the amplitude tendency which needed to be reduced. Adding simple
parameterizations of the divergence term that had been omitted initially could substantially reduce both
errors. Thiswas confirmed by repeating the tendency evaluation using again the same “observed” initial
model stages.

For afull multilevel primitive equation model with a comprehensive parameterization of physica
processes, i.e. the operational ECMWF model, Klinker and Sardeshmukh (1992) published model
improvements which were based on estimates of SITEs using initial fields from the ECMWF
operational analyses from January 1987. At that time the ECMWF analyses were produced 4 times a



day with an intermittent data assimilation system based on optimum interpolation to the model grid
points of observation increments from first guess fields (6-hours forecast from previous analysis
produced with the full model). The addition of these incrementsto the first guess field was followed by
adiabatic nonlinear norma mode initialization (NNMI), Wergen (1987). Their estimate of the SITEs
(for that month) were produced as follows: the initial model tendencies for each prognostic variable
were calculated from each global initialized analysisin January 1987(31x4 analyses) and were
averaged. These monthly averaged tendencies minus the corresponding observed trends divided by the
3ldays of the month was taken asthe SITES.

Due to the balancing which takes place in an assimilation system for a primitive equation model as the
ECMWF model the interpretation of the computed SITEsis more difficult than when dealing with
SITEs for abalanced model as the barotropic vorticity equation model. The large-scale fields, which
were produced by the operational ECMWF assimilation system, were reasonably well balanced, at |east
without unbalanced high frequency gravity modes that would otherwise give large spurious tendency
errors. In the NNMI scheme the gravity modes of the first five vertical modes are adjusted by an
iterative processto give nearly zero initial tendencies (the balance condition of Machenhauer, 1977).
Thisinitidlization is eliminating (almost) any imbalance that may be introduced after the optimum
interpolation step in these high frequency (so called fast) modes. This means, however, that also any
unbalanced erroneous model tendencies that project on the fast modes will be balanced and thus will
not appear asa SITE. Additionally, through dynamical adjustment during the first guess forecasts and
through balance constraints in the optimum interpol ation step, also the remaining slower gravity modes
are being adjusted somewhat toward a balanced state. By establishing a near balance between the mass
and wind field the adjustments taking place in the data assimilation system makes the initialized state
more realistic. However, as also emphasized by Klinker and Sardeshmukh (loc. sit.), the initialization
will, by a complete or partly balancing, tend also to remove or reduce tendency errors caused by
erroneous forcing which we would have liked to detect. The way the balancing by the NNMI in each
iteration works is by changing the mass field and the wind field, i.e. mainly the divergence field, and
thereby diagnostically the surface pressure tendencies and the vertical velocities. Thus, secondary
circulation systems are set up whereby additional Coriolis, pressure gradient forces, and adiabatic
cooling/heating fields are introduced. Any unbalanced momentum (heating/cooling) tendencies in the
origina fields that project on the fast modes are thereby compensated but at the same time additional
unbalanced heating/cooling (momentum) tendencies errors appear. In the next iteration of the NNMI
these imbal ances are eliminated but others (re)appear. The iterative process converges, i.e. the

imbal ance decreases after each iteration. The dynamic initialization in the 6 hour forecast steps works
similarly but not instantaneous so that an initially unbalanced forcing may be only partly compensated
and the secondary imbalances even less compensated. Thus, for instance a given systematic wind
forcing error which project on slower gravity modes of the ECMWF model, not included in the NNMI,
will appear as a somewhat smaller wind tendency error and additional tendency errorsin the
temperature and possibly in the surface pressure field.

The diagnostics of SITEs made by Klinker and Sardeshmukh (1992) for the ECMWF model were
successful. They concentrated their analysis on the SITES of the zonal mean zonal flow and found that
the frictional effects of the vertical diffusion in the free atmosphere and the gravity wave drag scheme
appeared to be overestimated. and due to the underestimation (caused by balancing) of the SITEs,
vertical diffusion in the free aamosphere and the gravity wave drag might even not be needed.



Concerning the vertical diffusion arevised version of the diffusion scheme giving practicaly zero
tendencies above the boundary layer was subsequently implemented in the operational ECMWF model
(by Miller and Viterbo). As expected from the diagnostics of Klinker and Sardeshmukh (loc. cit.) this
led to areduction in the systematic error of the ECMWF model and some improvements in the short
range forecast skill.

Concerning the gravity wave drag parameterization which they had found at least much too excessivein
the ECMWF model Klinker and Sardeshmukh (loc. sit.) noted that Palmer et al. (1986, p. 1001), when
describing the characteristics of the systematic errorsin NWP models, offered an alternative
explanation of the excessive westerly winds around mid-latitudes. He suggested that extratropical
cyclones that develop over the oceans, fail to fill adequately over land, and track across either the
American or European-Asian continent without loss of identity. Klinker and Sardeshmukh argue that
thisindicate an error in the barotropic decay of baroclinic waves associated with Rossby wave breaking
in the upper troposphere (Simmons and Hoskins 1980; Hoskins et al. 1985) rather than aneed for a
gravity wave drag in the models. To the authors knowledge such amodel error, influencing the decay of
cyclones, has not yet been identified. Subsequently, however, arevised version of the gravity wave
scheme with reduced drag in the stratosphere (and increased drag at lower levels) was implemented in
the ECMWF model. It isinteresting to note that errors due to atoo slow filling of cyclones over land
still seems to introduce systematic errors, over Europe, in present lower resolution climate models at
least (Machenhauer et al. 1996, 1998, 2000).

Later Milton and Wilson (1996) have used initial tendency error diagnosticsin the original Klinker and
Sardesmukh (1992) version developed for high-resolution NWP models. It was applied to the UK met.
Office global NWP model using data from the data-assimilation system based on the same model. Their
momentum tendency diagnostics showed that the parameterized mechanical dissipation in the model
was underestimated in the lower troposphere and overestimated in the stratosphere. Subsequently they
developed two new parameterization schemes which greatly reduced the SITEs (Gregory et a., 1998):a
new gravity wave scheme including low level breaking mechanisms and a parameterization of form
drag using effective roughness concepts They considered only momentum tendency errors. Milton et al.
(2000) mention that diagnosis of thermal SITEs has proven more difficult “asit is often hard to
attribute the total tendency error to one single term in the temperature tendency equation”. The reason
for that may be that the diurnal cycle, which of cause is very important in the thermal budget, cannot be
resolved adequately with only four computations per day.

In the present paper we want to extend the above described Klinker and Sardeshmukh (loc. sit.)
technique to estimates of SITEsin low resolution climate models, here applied specificaly to the
ECHAM model, using high resolution reanalysis data, here the ERA 15 data. The following
modifications are introduced, partly made necessary because of the difference in resolution between the
data and the climate model, and partly introduced to improve the technique. In order to improve the
evaluation of SITEs, especially temperature SITEs, a high temporal resolution isintroduced. Thus, we
are building on continuos (i.e. al time steps) assimilation into the climate model of temporary
interpolated ERA15 data. A relaxation or nudging assimilation technique is used. To assimilate the
ERA15 data into the climate model these data must be vertically interpolated and horizontally truncated
to the ECHAM resolution. If inserted unmodified into ECHAM this would introduce imbalances,
which would cause large spurious gravity wave tendencies that might obscure the real model tendency



errors we want to detect. In order to avoid this only “slow normal modes’ are assimilated. Furthermore,
in an effort to avoid spin-up problemsin the hydrological cycle, none of the prognostic model variables
involved in this cycle are assimilated. We call this new SITE estimation method for the Slow Normal
Mode Insertion (SNMI) method. In Section 2 we introduce and argue for the procedures used in the
SNMI method and we present comparisons between SITES determined by the SNMI method and by a
method building on a more simple relaxation, or nudging, assimilation technique. In Section 3 we
present examples of SITEs estimated by the SNMI method and discuss which model deficiencies might
cause them. Finally, in Section 4 our conclusions and outlooks are presented.

For a climate model like ECHAM it seems appropriate to define SITE as averages over considerably
longer periods than just the monthly periods considered in the above NWP applications. Partly
therefore it was decided to base our estimates on the ECMWF reanalysis (ERA15). These analyses are
available for asufficient long period (1979-1993) and are also supposed to be among the most reliable
ones presently available.

As mentioned above, the ERA are given in aT106, 31L resolution four times a day and have used the
former ECMWF operational data assimilation system, with optimum interpolation of observations
minus first guess field (observation increments) followed by a diabatic NNMI. Asthe ECHAM model
(like all other climate models) is of a much lower resolution, presently in aT42, L19 resolution, the
ERA fields needed have to be transformed to the grid of the ECHAM model. In the present case they
were interpolated vertically to the 19 levels of the ECHAM model and were truncated to the T42
truncation (or in the case of the SST field they were interpolated to the 128 x 64 Gausian grid points).
Preliminary investigations showed that initial tendencies computed by ECHAM from interpolated ERA
fields were very sensitive to the vertical interpolation procedure used, especially in mountainous areas
with large differences between the surface heights in the two models. Initially, with the standard
interpolation scheme inherited from ECMWEF, very large tendency errors, obviously due to
interpolation errors, were obtained. These were, however, reduced substantially after adopting the
vertical interpolation scheme used in the HIRLAM community. An important feature of this scheme,
which is building on ideas of Maewski (1985), is that the boundary layer structures are preserved
during the vertical interpolation. Imbalances seem also to be created due to the truncation from the
ERA to the ECHAM truncation . This might be expected since the norma modes of the two models
near the truncation limits of the ECHAM model are different, so that well balanced fieldsin an ERA
analysis not necessarily will be well balanced after truncation in ECHAM. As an exampleis shown in
Figure l1a surface pressure tendencies, Ps d(log(Ps))/dt (color shaded), superimposed on the mean sea
level pressure pattern, Pmslp (full lines), from 1 January 1988, 12UTC. The patterns are computed by
ECHAM from interpolated and truncated ERA data. The pressure tendency pattern is very noisy.
Obvioudly, spurious small scale, high frequency normal mode tendencies are superimposed on alarger
scale meteorologically relevant tendency field connected to the synoptical systemsin both hemispheres.
Thus, not surprisingly, it was found that, even when using the HIRLAM vertical interpolation scheme,
some kind of initialization or balancing of fast normal modes was needed in order to avoid large
spurious tendency errors.

Thefields, which are vertically, interpolated and spectrally truncated are vorticity, divergence, and
temperature at model levels and log(surface pressure). Also the ERA SSTs and sea-ice coverage are
interpolated to the ECHAM Gausian grid.



Next, in order to detect errorsin processes influenced by the daily cycle it was realized that it would not
be sufficient to average over tendency computations made just four times aday, at the output times of
the ERA. Instead it was decided to interpolate the ERA datain time, to perform a continuous
assimilation of these datainto the ECHAM model and then to average over tendency computations
performed every time step. A cubic spline interpolation was chosen and, following Jeuken et a. (loc.
sit.), we use arelaxation or nudging assimilation scheme. Jeuken et al. (loc. sit.) introduced such a
nudging assimilation scheme and tested it in a series of assimilation experiments of one-month
duration. They assimilated into aT21,L19 ECHAM model ECMWF operational analyses which had
been interpolated and truncated to the representation of that model. Their purpose were not estimation
of SITEsbut rather to create arealistic test bed for resolved and parameterized processes build into the
ECHAM moddl, in particular the advection of passive treasures.

2. SITE estimation Techniques

Therelaxation or “nudging” assimilation technique

In the relaxation or nudging technigue the stage of the assimilating model is relaxed each time step
toward an “observed” stage by adding to the model tendency of each model variable a non-physical
relaxation term:

{dXi/dt} partial = Fm,i (X1, X2, ......., XN) + Gi [Xobs - Xi] (1)

Here Xi represents any of the prognostic variables and Fm,i is the model forcing, describing the
dynamical and physical processes that determine the evolution of Xi in free runs. The relaxation term
Gi [Xobs,i - Xi] isthe product of the relaxation coefficient Gi and the difference between the
“observed” value Xobs,i and the final assimilated value of Xi. In the ssimple nudging method the
observed value Xobsi isthe interpolated and truncated ERA analysis value.

In the three level “Leap frog” time extrapolation scheme of ECHAM the nudging assimilation
technique is implemented as

X(n+1) = X(n-1) + 2 delta(t) Fm(X(n), X(n-1) )
+2 delta(t) G(X/n) [Xobs(n+1) - X(n+1)] 2

where for simplicity the i indexes have been dropped. Here the n isthe time step number, and thus time
t = n delta(t) where delta(t) is the time step. In ssmple nudging assimilation the relaxation coefficient
G(X/n) depends on the prognostic variable X only (whereas in the case of the SNMI assimilation the
relaxation coefficient is taken as a function of time only). Note that (2) isimplicit in X(n+1). In order to
see more clearly the weight put on the “observational” value Xobs relative to that put on the model-
predicted value each time step we rewrite (2) in an explicit form:

X(n+1) = Xm(n+1) + my(X/n) [Xobs(n+1) - Xm(n+1)] 3

or



X(n+1) = my(X/n) Xobs(n+1) + (1 - my(X/n)) Xm(n+1) 4
where

Xm(n+1) = X(n-1) + 2 delta(t) Fm(X(n), X(n-1)) )
isapreliminary model predicted value and

my(X) = 2 delta(t) G(X/n)/(1 + 2 delta(t) G(X)) (6)

It is seen that in the relaxation step (4) my(X/n) is the fractional weight given to the interpolated
“observationa” value and (1-my(X/n)) is the fractional weight given to the model predicted value
determined by (5). Another measure of the weight given to the observational valuesisthe relaxation e-
folding time tau(X) =1/G(X/n).

Jeuken et . (loc. git.) tested severa sets of relaxation coefficients. They ended up recommending a set
of constant values, one for each variable assimilated. These coefficients are listed in the first three

columnsin Table 1.

Table 1. Relaxation coefficientsin simple nudging assimilation

Jeuken et al.(loc. sit.), MPI Kaas et al.(2000), DMI
Prognostic Variable, X G(X) my(X) tau(X) G(X) my(X) tau(X)
1s hours 1s hours
Vorticity 0.0001000 0.224 2.78 0.0000463 0.118 6.00
Temperature 0.0000100 0.028 27.78 0.0000116 0.032 24.00
log(surface pressure) 0.0001000 0.224 2.78 0.0000116 0.032 24.00
Divergence 0.0000500 0.125 5.56 0.0000058 0.016 48.00

Their choice was based on the best fit of the assimilated values, X, to the interpolated “ observational”
values, Xobs, and of validations of the derived quantities, precipitation and evaporation, computed
during the assimilation.

The tendency error is defined as

TE(X, n) = Fm(X, n) - [Xera(n+1) - Xera(n-1)]/(2 delta(t)) ©)

here for smplicity Fm(X(n), X(n-1)) iswritten as Fm(X, n). Finaly, the systematic initial tendency
error isdefined as

SITE(X, N) = (2/N)SUM(2){ n=1to N-1} [TE(X, )]
= (2/N)SUM(2){ n=1to N-1}[Fm (X, n)] - { X(N)era- X (0)era} /(N delta(t)) (8)

where we have computed the mean value over alarge number N of time steps, using for simplicity the
TE(n) values for odd numbered time steps only (in reality all time steps are used).



The contributions, TE(X, n), to the SITE(X)s could be determined directly by computing each time step
at first the preliminary values Xm(n+1) from (5), then the corrected values X(n+1) from (4), and finally
TE(X, n), from (8).

In practice, however, we have computed and stored each time step only the residue in equation (3)
divided with 2 delta(t), i.e.

R(X, n) = (my(X)/(2 ddlta(t))) [Xobs(n+1) - Xm(n+1)] 9

However R(X, n) isrelated to the tendency error defined from (8). Thisis seen by substitutions from (4)
and (5) into equation (7), and then (7) into (8). Equation (8) then becomes

TE(CX, n) =[(2- ny(X/n))/ny(X/n)] R(X,n-2) - [1/ny(X/n)] R(X, n) (10)

Thus generally TE(X, n) isacombination of -R(X, n) and -R(X, n-2). Note, however, that if ny(X) =1,
i.e. full insertion of X each time step, TE(X, n) = - R(X, n). In order to obtain the SITE, i.e. the
averaged value of TE(X, n) over acertain period [N delta(t)] we average (10) over that period. Using
again for simplicity a summation over the odd time steps the result is

SITE(X, N) = - (2/N)SUM(2){ n=1to N-1} [TE(X, n)] = - (2/N)SUM(2){ n=1to N-1}[R(X, n)]
- (2 (1-myX )N my(X,/n))) (RCX, N) - R(X,0)) (11)

Herethe last term is small in practice, because the value N in the denominator islarge when
considering a month (N ~ 180) or aseason ( N ~ 540), aswe shall do at |least. Therefore, in the
following it will be neglected and we shall use:

SITE(X, N) = MEAN[TE(X, N)] ~ -MEAN[R(X, N)] (12)

where MEAN] ] = (2/IN)SUM(2){ n=1to N-1}[ ]. Note that in the specia case ny(X/n) =1, i.e. full
insertion of X each time step, (12) isvalid exactly.

Jeuken et a.(loc. sit.) assimilated the multi level fields vorticity, divergence, and temperature and the
surface field log(surface pressure). Also the ERA SST's and sea-ice coverage were used. They did not
assimilate the prognostic variables of humidity, liquid water, soil water, and soil temperature. We have
adopted the same procedure in our SITE detection experiments. Thus, these fields are free to develop in
the ECHAM model, also when run in assimilation mode. The arguments for this are that the quality of
the analyses of these parametersin ERA is considered relatively low. Furthermore, that the ERA are
known to have a distinct spin up problem, e.g. the global precipitation in ECMWF forecasts with initial
fields from ERA analyses are generally low initially and reaches the models climatological value only
after afew days (Arpeet a., 197?). The spin-up problem may be explained by the fact that generdly,
due to observational problems, the ERA has too low values of specific humidity and in addition they
have inconsistencies between the humidity field and the fields of both vertical velocities and static
stability. By letting the hydrological variables develop freely in the assimilating ECHAM model itis
assumed that they will develop redlistically and be consistent with the ECHAM resolution and the
vertical velocity/static stability fields which develop during the assimilation. Thus to the extend that the



vertical velocity/static stability fields are realistic we expect that the model hydrological fields created
during the assimilation are realistic and that the model will have no or at least a reduced spin-up
problem.

The Slow Normal Mode | nsertion technique

The normal modes referred to here are solutions to the truncated ECHAM model equations, linearized
around an isothermal (T=300K) state of rest. One third if the modes are low frequency Rossby modes
and the rest are relatively high frequency gravity modes. The normal modes of amodel constitute a
complete orthogonal system, and thus any model stage can be uniquely expanded in terms of the normal
modes.

Following Machenhauer (loc. sit.) the complex coefficient y(t) of asingle high frequency (fast) normal
mode component with cyclic frequency omega may be written as a function of timet approximately as

y(t) = [y(t0) + r(t0)/(i omega)] exp(i omegat) - r(t0)/(i omega)) (13)

where y(t0) is the amplitude and r(t0) aforcing term (due to nonlinear interactions and physical
parameterizations), both at a certain time t0. (13) is the solution to the normal mode tendency equation

d(y(t))/dt =i omegay(t) + r(t) (14

when assuming that, around t = t0, r(t) is approximately constant in time and equal to r(t0). Thisis
found to be a good approximation for the fast modes. If for some reason afast norma modeisnot in
balance, i.e. (i omegay(t0) + r(t0)) is different from zero, then according to (13) the coefficient will
oscillate around the balanced stage

y(t)= - r(t0)/(i omega) (15)

(The so-called Machenhauer balance for which, according to (14), the tendency dy/dt is zero). Now, if a
dissipation term -k y(t) is added to (14) then the amplitude in the oscillating part in the solution will be
damped. With the dissipation used in ECHAM the constant k will increase with decreasing scale so that
small scale and therefore high frequency gravity modes will be damped the most. The effect of the time
discretization and the Asselin time filter is an additional damping, which is al'so working selectively on
the fastest oscillations. This is the damping mechanism working in free runs with a model like
ECHAM. Any changein forcing of the fast modes (i.e. a change of r(t0) in (1)) will result in an
imbalance that will initiate damped oscillations. When these have died out the fast modes will bein a
dlightly changed balanced stage approximately given by (14) with the new r(t0). This balancing taking
place in amodel may be called dynamical balancing. The manifold of all balanced stages was called
the low manifold by Leith (197?). Due to variations in the forcing term by nonlinear interactions and
parameterized physical processes none of the gravity modes will be completely balanced, However in a
free run the fastest of the modes will always be close to a balance due to the heavy damping of their
oscillations. That thisisthe casein practice was verified by Daley (197?). He found that in a ?? model
the gravity modes with periods shorter than about 24 hours were close to being in a Machenhauer
balance.



As exemplified in Figure la unredlistic large initial tendencies result from an insertion of an
unmodified interpolated and truncated model stage in ECHAM. As mentioned above these large
tendencies must be caused by spurious imbalance of some high frequency gravity modes. Since the
initialized ERA analyses are known to be well balanced these fast modes must be caused by the
interpolation and truncation from the ERA to the ECHAM discretization. We think the differencesin
physical parameterizations are of lessimportance, although this may also be a course of imbalance.
When computing the model tendencies we want to avoid large spurious tendencies due to fast gravity
modes in imbalance caused by interpolation and truncation. Such large spurious tendencies might, to
the extend that they are systematic, obscure the mush smaller real SITES we want to detect. Therefore
we simply do not assimilate that part of the interpolated and truncated ERA data which project on the
fastest gravity modes. If spurious imbalance were assimilated the large (diagnostic) vertical velocities
associated with these fast modes would also influence the physicsin the model, in particular the
hydrological processes during the assimilation. We avoid the assimilation of the fast modes by
assimilating only that part of the interpolated/truncated ERA data which project on the so called Slow
Norma Modes (SNMs) of the ECHAM model. We define the SNM's as modes with frequencies below
acertain cut-off frequency. Guided by the investigation of Daley (loc. sit.) here this cut-off frequency
was chosen equal to (2 pi)/(24 hours). In any realistic atmospheric stage the majority of the energy isin
the SNMs.

We shall use the notations <X (t)>slow and <X (t)>fast for the projection of the field X on all slow
normal modes and on all the fast normal modes, respectively. Any model stage can be uniquely
expanded in terms of the normal modes, and thus the separation in terms of the slow and the fast modes
isalso unique. Thus, avariable X may be written

X(t) = <X (t)>dow + <X (t)>fast (16)

In order to assimilate only the slow modes of the interpolated and truncated ERA datawe insert for
Xobsin equations (2) - (4) the following combination of Xeraand Xm:

Xobs = <Xera>glow + <Xm>fast (a7
Which isobtained in practice as

Xobs = Xera- <(Xera- Xm)>fast (18)
Instead of two projections (18) requires only one projection, namely the projection of (Xera- Xm) on
the fast modes.

After theinsertion of (17) in (4) we get

X(n+1) = my(t) <Xera(n+1)>dow + (1 - my(t)) <Xm(n+1)>dow + <Xm(n+1)>fast (29)

or

<X(n+1)>dow = my(n) <Xera(n+1)>dlow + (1 - my(n)) <Xm(n+1)>sow (20a)



and
<X(n+1)>fast = <Xm(n+1)>fast (20b)

Thus, only the slow modes are assimilated (20a) whereas the fast modes are allowed to develop
freely(20b). In this way the same relaxation coefficient is used for all variables but it may vary with
time. In afirst version of our new scheme we inserted fully the time interpolated SNMs each time step
in the assimilation model (ECHAM), i.e. we used my(n)=1 at all nin (20a). Thus, in this version the
SNMs were completely specified at all times steps. We refer to this version as “full SNMI”. Thiswas
done in order to avoid any balancing of that part of the tendency errors that project on the SNMs. In our
fina version the SNMs are inserted fully in the assimilating model (my(n) = 1) only at the four times of
the day when the ERA analyses are available. Between these reanalysis times the SNMs of the model
are relaxed toward the time interpolated SNMss of the reanalysis data with aweight, my(n), decreasing
to zero between the reanalysis times asindicated in Figure 3. Thus, the model is used to interpolate the
SNMs between the times when areanaysisis available. Therefore, in thisfinal SNMI version some
balancing of the tendency errors, which project on the SNMs, is taking place between the reanalysis
times. At the reanalysis times, however, the SNMs are assimilated fully, which islimiting this
dynamical balancing. We refer to thisfinal version as“optSNM1”

The fast modes in the assimilating model develop freely (as do the soil variables and all prognostic
variables of the hydrological cycle). Thereby, on the one hand we achieve what we want, namely that
imbal ances, caused by interpolation and truncation, which project on the fast modes, cannot result in
large spurious tendencies. On the other hand we pay for it by not being able to detect that part of the
real SITEswhich project on the fast modes. In the assimilating mode, just as described above for in a
free run, oscillations in the fast modes are set up by nonlinear interactions and by parameterized
physical processes. They are, however, being damped dynamically so that the fast modes remain close
to abalanced stage. Thisisillustrated in Figure 1b which shows (as Figure 1a) surface pressure
tendencies, Ps d(log(Ps))/dt (color shaded), superimposed on the mean sealevel pressure pattern, Pmslp
(full lines), from 1 January 1988, 12UTC. In this figure, however, the patterns are computed by
ECHAM during an optSNM | assimilation, just after insertion of the SNM part of the interpolated and
truncated ERA data. Compared to Figure lathe pressure tendency pattern is relatively smooth.
Redlistic large scale, seemingly meteorologically relevant tendency minimums and maximums are seen
in connection with the synoptical systemsin both hemispheres. The spurious small scale, high
frequency normal mode tendencies, which were superimposed in Figure 1a and supposed to be fast
modes in imbalance ,are not present, indicating that the fast modes in the optSNMI assimilation is
indeed close to a balanced stage.

The DMI nudging technique

Alsolisted in Table 1 is a set of relaxation coefficients for simple nudging assimilations used at the
Danish Meteorological Institute (DMI) by Kaas et al.(2000) in SITE estimates for the ARPEGE
T42,L.31 model. For comparison with our SNM|I assimilation technique we have made additional
ECHAM assimilation experiments using this assimilation technique. In the following it will be referred
to as DMI nudging. Concerning the tau valuesin Table 1. both sets of values are assuming atime step
of 24 minutes, the time step used in the T42,L.19 ECHAM model. Kaas et al. (loc. sit.) chose the
coefficientsin Table 1 in order to obtain, asfar as possible, the same properties of simple nudging



assimilation as we obtain with the SNMI technique, without needing a separation in low and fast
normal modes. Corresponding to letting the fast modes devel op freely in the assimilating mode as done
in SNMI assimilation they chose the relaxation weights so that gravity modes are forced only weakly.
Pure gravity normal modes have amplitudesin the field of divergence and in the field of alinearized
geopotential only. The linearized geopotential is determined by alinear combination of the fields of
temperature and log(surface pressure). In order to force gravity modes only weakly avery low value of
the relaxation coefficient for divergence and aso relatively low values for those of temperature and
log(surface pressure) were chosen. Thisisdone in order to avoid the large spurious tendencies due to
unbalanced high frequency gravity modes in the interpolated and truncated ERA data, whichis
illustrated in Figure 1a. That thisisthe caseisillustrated in Figure 1c which shows (as Figure 1laand
1b) surface pressure tendencies, Ps d(log(Ps))/dt (color shaded), superimposed on the mean sea level
pressure pattern, Pmslp (full lines), from 1 January 1988, 12UTC. In this Figure 1c the patterns are
computed by ECHAM during an DMI nudging assimilation, just after a relaxation step towards the
interpolated and truncated ERA data at that time. Compared to Figure 1lathe pressure tendency pattern
is very smooth, showing, as expected, that the fast gravity waves are balanced very well. The prize paid
by avery low relaxation weight on divergence and alow weight on temperature and log(surface
pressure) is excessive balancing and thereby compensations during the assimilation for that part of the
erroneous forcing that project on the gravity modes. Thisis qualitatively similar to the treatment of the
fast normal modes in the optSNMI assimilation.

Corresponding to full insertion of the SNMs in optSNMI assimilation the DMI relaxation coefficient
for vorticity is kept high and also that for temperature and log(surface pressure) are chosen not too low.
Thisis done because these fields are the dominating ones in pure Rossby normal modes. Thus, the
Rossby modes are forced strongly toward their valuesin the interpolated and truncated ERA data, in
order to limit the balancing of the tendency errors which project on these “slow” modes. Thisis similar
to the situation with SNM | assimilation where balancing and thereby compensation of the erroneous
forcing that project on the SNMs s restricted as much as possible. An important difference between the
two techniques is that the SNM's beside the Rossby modes include aso some gravity modes, namely
large-scale gravity modes in the higher vertical modes with periods larger than the cut off period,
presently 24 hours. Also the SNMs are forced more strongly in optSNMI assimilation, with relaxation
weights = 1 four timesaday, than the Rossby modes are forced in the DMI nudging assimilations.
Thus, as all gravity modes are only very weakly forced by the ERA datain DMI nudging assimilations
it means that a divergence field almost completely in balance with the nonlinear dynamic and
parameterized physical forcing in the ECHAM moddl is establish. In optSNMI assimilation on the other
hand a stronger forcing of the ERA data, mainly by the long period gravity modes, leads to a
divergence field closer to that in the interpolated truncated ERA data. This must be the reason for the
differences between Figure 1b and 1c. Asthe divergence fields in connection with the mid latitude low
and high pressure systems are generaly stronger in the ERA data than in free ECHAM simulations this
explains stronger divergence fields and thereby stronger surface pressure tendency fieldsin Figure 1b,
(optSNM ) than in Figure 1c (DMI nudging). Asthe divergence fieldsin the ERA data are supposed to
be more realistic that the divergence fields established in DMI nudging assimilations the optSNMI
divergence field and thereby the surface pressure tendency field in Figure 1c is supposed to be the most
realistic one. Of relevance for the surface pressure tendencies considered here is, of course, only the
vertically integrated divergence. For precipitation on the other hand isit the low-level convergence



pattern that is of importance, in particular. In afollowing sub-section we will consider the realism of
the precipitation simulated with the different assimilation techniques.

Thetemporal variation of the relaxation weight in SNM.

The temporal variation of the relaxation weight introduced in optSNMI was based on “identical twin
experiments’. In such experiments the ECHAM 4 model isrun at first for along period producing
output every six hours. This output is then assimilated into the same model using one of the
assimilation techniques described above. The assimilations are started at least several monthsinto the
free run in order that the model stages produced in the free run have become well balanced. When
assimilating such well-balanced data there should be no need for the dynamical adjustment during the
assimilation alowed for in both techniques, unless the cubic spline interpolation in time between the
six hourly outputs is creating imbalance. This seems not to be the case asillustrated in Figures2a and
2b. Figure 2a shows Hovmoeller diagrams, based on output each time step (delta(t)=24 minutes) of
1000 log(surface pressure) (approximately the surface pressure in hPa) averaged over the

latitude band 63 deg Sto 53 deg S. The upper left diagram show the full field in the free run and the
rest of the diagrams show deviations of assimilation fields from this full free run field. Low and high-
pressure systems are slowly traveling toward the east (upper left diagram). As expected there are no
signs of high frequency gravity wave noise. In the deviation field for he DMI nudging assimilation
(upper right diagram) it is seen, however, that the deviation is close to zero every six hour, at input
times, and that the deviations grow to a maximum between the input times. This indicates that the cubic
spline interpolated surface pressure, toward which the surface pressure in the assimilations is nudged
each time step, is unrealistic between the input times. The same conclusion can be drawn from the
“fullSNMI” assimilation (lower right diagram) where the SNM are inserted fully each time step, i.e. the
constant relaxation weights, my(n)=1 at all time steps in equation (20a), are used (see Figure 3). These
deviations in-between the input times are amost completely eliminated in the “optSNMI” assimilation
(lower left diagram), where we use the time varying my(n), the “ cosine weights with window” in Figure
3. Improvements obtained in the “ optSNMI” assimilation compared to the “fullSNM1” is further
exemplified in Figure 2b showing the temperature at the lowest model level (about 40 meters above the
surface) at apoint over Asia (21 deg N, 95 deg E) during a 2.5 days period. The fullSNMI curve
follows closealy the smooth cubic spline interpolated curve (not shown) with atoo low and too early
minimum temperature and too low maximum temperatures. The optSNMI curve on the other hand fits
better, especially at the time of the minimum temperature. Also, it seemsredistic in the sense that, asin
the free run, now and then excessive maximum temperatures are produced in the optSNM I assimilation,
which is of importance for the triggering of convection.

Simulation of precipitation with different assimilation techniques

It was anticipated that in the fast mode balance, which is established in both optSNMI and in DM
nudging, the field of vertical velocity would be consistent with the hydrological fields, which aso
develops freely. Thus, areason for a spin-up problem in precipitation in the assimilations should be
eliminated. As mentioned above not all gravity modes are included in the “fast modes’ as defined in
optSNMI. Therefore not al gravity modes are developing freely in optSNMI assimilations. In the
higher vertical modes an increasing number of the more large scale gravity modes have periods longer
than 24 hours and are therefore included in the SNMs. Such “slow” gravity modes (and also some large



scale Rossby modes) describe part of the divergence field and therefore part of the vertical velocity
field. Thus, in the optSNMI assimilation this part of the interpolated and truncated ERA divergence
field isassimilated. In DMI nudging on the other hand the divergence and therefore the vertical
velocities develops amost freely in the ECHAM model. When considering the vertically integrated
divergence in the previous sub-section the ERA forcing in the optSNMI assimilation was considered
beneficial in general. In order to investigate further the effects of ERA divergence forcing and to assess
the ssmulation of precipitation in the assimilations we present in Figure 4 the averaged global
precipitation pattern over a period of 6 years and 7 months (July1987 to January 1994). Here, the
precipitation is computed in an optSNMI assimilation (upper map), is analyzed in the GPCC project
(middle left map), is computed in an AMIP2 free ssmulation (middle right map). is computed in ERA 6
hours first guess forecasts (lower left map), and is computed in a DMI nudging assimilation (lower
right map). In the assimilations and the AMI1P2 simulation the ECHAMA4.5 model was used. Compared
with the GPCC datait is seen that generally the optSNMI precipitation is enhanced in the tropics and
reduced at mid latitudes, especially in the Northern Hemisphere. Both the reduction in mid latitudes and
the enhancement in the tropicsis generally lessin optSNMI than in DMI nudging which indicates that
the ERA divergence forcing isimproving the optSNMI. The total global averaged precipitation in the
OptSNMI, ?? mm/day, aswell asinthe DMI nudging, ??..mm/day, is enhanced compared to the
one computed from the GPCC data, ?? mm/day. Thusif the assimilations has a precipitation spin-
up it is not spinning up to amore redlistic value. In fact, compared to the AMIP2 simulation the maps
indicate that there will be adlight spin up in long integrations with initial conditions from both the
optSNMI and the DMI nudging assimilation. Thisis confirmed by a global averaged climatological
precipitation of ?? mm/day in the AMIP2 ssimulation, which is dightly higher than the value for the
both optSNMI and DMI nudging assimilation.

A problemisrevealed in the optSNMI precipitation map. Over South America, mainly Brazil, very
little precipitation is simulated in the optSNMI assimilation compared to all the other estimatesin
Figure 4. the GPCC analysis, the AMIP2 simulation, the ERA forecasts and the DMI-nudging
assimilation. Thisis a systematic feature found aso in individual months. As an exampleis shownin
Figure 5 the precipitation over South Americain January 1988 as analyzed in the GPCC project (upper
left map), as computed in an optSNMI assimilation (upper right map), as computed in ERA 6 hours
first guess forecasts (lower left map), and as computed in a DMI nudging assimilation (lower right
map). Again, in the assimilations the ECHAMA4.5 model was used. Also here the precipitation in the
OptSNM I assimilation is unusual low in Brazil. The reason for this seems to be the ERA low level
divergence forcing. Not because it is wrong but because of an inconsistency caused by the different
orography in the ERA and the ECHAM models. For the lowest model level, level 19in ECHAMA4.5
and level 31 in the ECMWEF model, is shown in Figure 6 the monthly mean divergence field in the
ERA 6 hoursfirst guess forecasts (lower left map), in the interpolated and truncated ERA T42 fields
used for the assimilations (upper left map), in the optSNMI assimilation (upper right map), and in the
DMI nudging assimilation (lower right map). Important for the release of large-scale precipitation are,
of cause, values of instantaneous vertical velocities determined by instantaneous low-level divergence
fields. Also theintensity of convective precipitation in unstable regions (as parameterized in the
models) is determined to alarge extend by the instantaneous low level convergence. In individual cases
(not shown) it is seen that low level T106 divergenceis avery small-scale field, especially in the
tropics and in mountainous regions, and that they become smooth and low valued fields after a



truncation to a T42 resolution. When considering long term averages of low level divergence asin
Figure 6 we do not claim adirect relation to the long term averaged precipitation in Figure 5. Temporal
divergence anomalies, moisture advection, and evaporation are additional important factors. It seems
likely, however, that the dominating low-level divergence over Brazil in the optSNMI field in Figure 6
indicate dominating subsidence and thereby on the average suppression of precipitation there. We shall
try to explain why this divergence over Brazil become enhanced in optSNMI assimilation and not in
DMI assimilation. The low-level divergence in the DMI nudging over Brazil is predominating positive
but close to zero. As here the ERA divergence forcing is small it ismost likely the field which would
develop in the optSNMI assimilation if the ERA divergence forcing were small. A superposition of the
low level T42 ERA divergence map in Figure 6 on the corresponding DMI nudging map would show
that on the average the ERA divergence isin agreement with he DMI nudging divergence over Brazil
but counteract the DMI nudging divergence pattern at many places to the south in the continent. Thus,
nudging with ERA divergence must lead to a pattern like the one in the optSNMI assimilation. The
effect of the ERA divergence forcing needs to not be linear; feed back mechanisms or resonance may
be involved. The reason for the differences between the (free run) DMI nudging pattern and the ERA
T42 pattern is obviously the different orography in T106 and T42. The ERA T106 divergence and its
truncated counterpart, ERA T42 divergence, are clearly related to the T106 orography whereas the DMI
nudging divergence is related to the T42 orography. This explains why the T42 ERA divergence at
many places become outs of phase with the DMI nudging divergence and thus counteracts. Obvioudly,
in this case over South America, and possibly over other mountainous regions of the World, the
problem with ERA divergence forcing is that athough the ERA T106 divergence patterns may be
realistic in aworld with T42 mountains. In the present case over Brazil at least the ERA divergence
forcing seems to be causing obvious defects in the basic states of the T42 model atmosphere which we
create in the optSNMI assimilation. On the other hand the relatively large deviations between the
observed GPCC precipitation pattern in Figure 5 and the corresponding pattern from DMI nudging
reveals also obvious defects in the basic states of the DMI nudging assimilation. Of course, one might
believe more in the ERA T106 precipitation pattern than in the GPCC pattern, but the deviations (DM
nudging precipitation - ERA T106 precipitation) isjust as large as the deviations (DMI nudging
precipitation - GPCC precipitation).

Testsof SITE estimationsin identical twin experiments.

The estimation of SITEs by the SNMI and the DMI nudging techniques was tested and compared at
first in “identical twin experiments’. In the Figures 7, 8, and 9 are shown cross sections of monthly
mean zona averaged tendency errors for different assimilation methods, computed from “identical twin
input” from afree ECHAM4 simulated April month. In each of the figures are shown in the middle row
to the | eft: the zonal averaged magnitude of the estimated acceleration error and in the same row to the
right the zonal averaged temperature tendency error. Ideally, these errors should be zero everywhere.
We see some errors, however, which are largest in the boundary layer and in the upper tropical
troposphere. These spurious errors must be caused by “time interpolation” errors, i.e. deviations
between the fields actually produced each time step in the assimilations and the fields which were
computed each time step in the free run (and ideally should have been inserted). Thisisin agreement
the fact that extreme values of the errors are largest with fullSNMI (~1 m/s/day and ~0.1 K/day), less
with DMI nudging (~0.6 m/s/day and ~0.08 K/day), and least with optSNM1 (~.5 m/s/day and ~0.08



K/day). Because thisis generally also the order in which the fields in the different assimilation
techniques deviate from the free run fields (see Figure 2b). Consequently, we shall call these errors
“time interpolation errors’. Note that the heating rate errors seam to be consistent, at least qualitatively,
with the erroneous adiabatic heating and cooling connected with the secondary circulations that are set
up when the acceleration errors are being balanced. Thisillustrates that a balancing of tendency errors
are going on continuoudly in all three assimilations.

To get an idea of how significant the time interpolation errors are we shall compare their magnitude
with the magnitude of the ECHAM4 model tendencies due to the build in gravity wave drag (GWD)
parameterization. In the upper left cross sectionsin the figures is shown the zonal averaged magnitude
of the acceleration caused by this parameterization. In the upper right cross section is shown the
corresponding heating rate due to the conversion from kinetic energy to interna energy by the GWD.
parameterization. Comparing with the cross sections below we see that the time truncation acceleration
errors are only between two and four times smaller than the GWD accelerations. Thus, with al three
assimilation methods the acceleration error due to time interpolation must be taken into account when
interpreting SITE estimates. It is noted, however, that the time truncation error is smallest with the
optSNMI method. Concerning the time interpolation heating rate errors they are seen to be of the same
order of magnitude as the GWD heating rates, even in the optSNMI case. However the GWD heating
rates are small compared to heating rate caused by other processes. As a consequence, the time
interpolation heating rate errors are, as we shall seelater, is small compared to typical SITEs computed
from optSNM I assimilation of ERA data ( at least an order of magnitude smaller). Therefore, the
heating rate errors due to time interpolation seem less important than time interpolation acceleration
errors.

In order to test the capability of the different methods to detect a model defect, experiments were made
where the April free run output were assimilated into an ECHAM model version where the GWD
parameterization was not included. The lower row of cross sections in the figures show estimates of
monthly mean zonal average errors of absolute values of acceleration and heating rates. Ideally, the
cross sections should be identical to those in the upper rows of the figures, which as mentioned above
show the acceleration and heating rates due to the GWD parameterization in the corresponding
assimilations with this parameterization included. In all three cases the time interpolation error of the
acceleration is seen clearly to influence the results (lower left cross sections). In the full SNMI case
(Figure 7) the time interpolation errors are dominating. However, the error pattern due to the cut off of
the GWD can be detected in all cases, although somewhat weakened compared to what it should be (the
upper left cross sections). In the fullSNMI case the reason for the weakening of the error must be that
the error due to the absence of the GWD to alarge degree projects on the (free) fast norma modes and
therefore that part of the error cannot be detected.. Only the part projecting on the SNMs is detected and
thus the total error is being heavily weakened. In the case of optSNMI (Figure 8) afurther weakening
of the signal must be due to an additional dynamical balancing of that of part of the error which is
projecting on the SNMs, probably gravity modesin higher vertical modes. This balancing takes place in
the windows (Figure 3) between the synoptic times (00, 06, 12, and 18 UTC). In the case of DMI
nudging (Figure 9) the weakening of the signal must be due to the balancing taking place for al gravity
modes. All these modes are only weakly forced, due to the low values of the relaxation weights adopted
for divergence and mass variables (see Table 1). In praxis acceleration errors will be smaller than the
error introduced here in thisidealized test by omitting entirely the GWD parameterization. However,



smaller acceleration errors means that the time truncation errors becomes relatively more significant in
praxis. Consequently acceleration errors may be even more difficult to detect in praxis than in this test
case.

The heating rate errors (lower left cross sections) seems to be due mainly to erroneous adiabatic heating
and cooling due to the secondary circulations set up in the assimilation model as the acceleration errors
are being balanced. Again, the time truncation errors contribute to the total errors, in particular to the
fullSNMI heating rate errors. It isimportant to note that these induced heating rate errors are relatively
insignificant compared to the heating rate errors detected with the optSNMI when assimilating ERA
data. Thiswill be demonstrated in the next section. Therefore, the induced heating rate error will be
even less significant in practice than in the test case considered here.

3. A model improvement strategy based on SITE detection

A first SITE detection should be followed by model changes aiming at the elimination of as much as
possible of the SITEs detected. Then a second SITE detection should be made with the new corrected
model and further model changes should be made. Again, these model changes should aim at the
elimination of the new SITEs detected. This iterative process should be continued until the SITEs have
been reduced to an acceptable level. When detecting SITEs one must, as far as possible, take into
account the weaknesses of the SITE detection technique, including known systematic errorsin the
reanalysis data used. It seems reasonable to assume that such an iterative process will converge. Finaly
one or more long, free simulations should be made to study the effect of the model changes on the
systematic errors. We plan to carry out such amodel improvement procedure with the new ECHAMS5
model version, which is presently under development. Here we shall report on some SITE detection
experiments with two presently available model versions, ECHAM 4 and ECHAMA4.5. The purpose of
these experiments are to show the degree of usefulness of the different SITE detection techniques. But
also to illustrate the remote effect of model errors, and to emphasize that as a consequenceit is
important to reduce, as far as possible, all SITEs detected in each model improvement iteration.

We hopeto illustrate why the iterative SITE detection procedure described above, where the model
changesin each iteration are aimed at areduction of all SITES, isa potentially most successful model
improvement approach.

Figure 10, shows the average winter (DJF) mean sealevel pressure (MSLP) for the full ERA period
(upper map) and corresponding systematic MSLP errors (biases) for AMIP2 simulations with the two
latest ECHAM model versions: ECHAM4 (middle map), and ECHAMA4.5 (lower map). In both
versions a band of too low pressure is extending across Europe with too low pressure to the north,
centered over the Kara Sea, and too high pressure to the south, centered over the north coast of Africa
Roughly similar patterns are seen over North America. As mentioned in the introduction it has been
shown that these systematic errors cause significant errors in the simulated regional climate, i.e.
precipitation and near surface temperatures, over Europe at least (Machenhauer et a., 1996, 1998,
Christensen et ., 1999). The presence of such systematic errors leads to reduced confidence in the
estimates of regional climate changes due to prescribed anthropogenic forcing (Machenhauer et al.
1998, 2000). Therefore, we are interested in a reduction of these systematic errors. A comparison
between the systematic errorsin the two different ECHAM versionsin Figure 10 shows that the
excessive pressure over the north cost of Africais substantially reduced in the ssmulation with the
newest model version, ECHAMA4.5. Thisis also evident in Figure 11 showing the systematic errors for



ashorter period , the years 1983 to 1987. In Figure 10, for the full 15 years period, it is seen that also
the band of too low pressure over Europe is weakened in ECHAMA4.5 and moved dlightly to the south.
The band of too low pressure has been explained by enhanced cyclonic activity in the models
(Machenhauer et a., 1996, 1998, Christensen et al., 1999). Evidence supporting this explanation also
for the shorter period, 1983 -1987, isgiven in Figure 11. Here, for ECHAMA4, the bands of positive bias
of band passfiltered STD are placed just south of the bands of negative MSLP biases, indicating
enhanced cyclonic activity there. For ECHAMA4.5 the bands of positive bias of band pass filtered STD
are reduced and so are the bands of negative MSLP, over Europe even turned to small positive values,
indicating reduced excessive cyclonic activity in ECHAMA4.5. With the aide of SITE detection
(available only for the shorter period) we shall try to explain these improvements in the newest model
version. However, at first we shall explain why the opt SNMI technique will be preferred in these
investigations.

Figure 12 shows zona averaged ECHAMA4.5 SITEs for temperature using the optSNM I technique
(upper cross section), and the DMI nudging technique (lower cross section). It is noted that many
features are similar in the upper and lower cross section, although some differences can be seen. The
magnitude of the SITEs detected with optSNMI is, however, much stronger than those detected with
DMI nudging. An exception is the features at the upper most 6 model levels (above 100 hPa) the
magnitude of which are dightly larger with DMI nudging than with optSNMI. Thisis showing that the
weak forcing (low relaxation weights) chosen in DMI nudging for temperature and divergence (Table
1) alows excessive balancing of the tendency errors projecting on all gravity norma modes, whereas
the strong forcing of the larger scale, higher vertical mode number gravity modes in optSNMI, on
which apparently most tendency errors project, reduces this balancing significantly. The fact that the
fast modes, which are completely free in optSNMI (zero relaxation weights), are forced more strongly
in DMI nudging, explains why upper level SITEs are better detected with DMI nudging. This follows
from the fact that the fast modes predominately belong to the low vertical mode numbers with the
largest amplitudes at the uppermost levels. Figure 13 shows maps of SITEs for 1000 log(surface
pressure) using the optSNMI technique (upper map), and the DMI nudging technique (lower
map).Again we see larger magnitudes of the optSNMI SITEs than those of the DMI nudging which
again may be explained by less balancing of the SITEs with the former than the latter technique. Thus,
as we find that for both mass variables, temperature and surface pressure, less harmful balancing of
SITEsistaking place in optSNMI we shall prefer that technique.

In Figure 14 is shown maps of averaged winter time (DJF)200 hPa velocity potential for the ERA
(upper map), for an ECHAM4 AMIP simulation (middle map), and for an ECHAMA4.5 simulation. It
shows that the center of inflow in the upper troposphere is situated approximately at the place over the
African north coast where the surface pressure in the model simulations are systematically too high. It
seams likely that the improvements in the ECHAMA4.5 simulation relative to the ECHAM4 simulation
isthe result of areduced inflow to that region. Thiswill lead to a reduced pressure in the region and
may thus explain that the excessive pressure over the north cost of Africais reduced, and also the band
of too low pressure over Europe is weakened in the ssmulation with ECHAM4.5 and moved dlightly to
the south. We will seeif thisis supported by SITE estimates.

In the optSNM I cross section in Figure 12 is situated a positive maximum at level 11 (~500 hPa) over
the Equator, indicating excessive heating there in the zonal mean. We interpret this as excessive latent
heat release in connection with the ITCZ. In Figure 15 is shown maps of SITEs for temperature at level



11 inthe ECHAMA4.5 assimilation (upper map) and a corresponding ECHAM 4 simulation (lower
map).Generally the SITE patternsin the two mapsin Figure 15 is pretty similar. There are, however, a
distinct difference over Central Africawhich might be of potential importance for the differencesin
systematic MSLP errors noted above. Instead of the excessive heating in ECHAMA4 indicated over
central Africawe find an indication of excessive cooling in the ECHAMA4.5 assimilation. Thisindicates
reduced low level convergence and reduced rising air motion over Central Africa. This must have lead
to areduced inflow of mass at high levelsto the area over the North coast of Africaand may thus at
least have contributed to the improvements in the ECHAM 4.5 ssimulation. From the SITE point of
view, however we do not see any improvements. The positive temperature SITE over Central Africain
the ECHAM4 simulation has just been substituted by a negative one in the ECHAM.5 simulation. This
indicates that the model changes leading to these SITE changesis compensating other model errors
without leading to real improvements. This pointsto the iterative SITE detection procedure described
above, where the model changesin each iteration are aimed at a reduction of all SITEs, as a potentially
more successful model improvement approach.

We shall present one more example of the application of the SITEs we detect with the optSNMI
approach. This time we look for SITEs which seems to be responsible for the systematically too high
pressure near the North Pole, over the Kara Sea (see Figures 10 and 11). This systematic error seems to
be caused by an extension toward the North Pole of the Siberian high pressure. As this thermal high
pressure is caused by the winter time cooling over Siberia it seem reasonable to look for systematic
cooling errors in the neighborhood of the Kara Sea. Therefore we concentrate on the zonal averaged
cooling error seen in Figure 12 at low levels and northern latitudes. The horizontal distribution of this
cooling error is shown in Figure 16 for the two lowest model levels. We do find a distinct cooling error
maximum near the Kara Sea. At the lowest one (level 19, Fig. 16c) the maximum excessive cooling is
over the Greenland and Barents Seas. As seen in the map above (Fig. 16a) the too strong cooling is
spreading out to neighboring longitudes in level 18. The excessive cooling will tend to create a thermal
high pressure bias, a tendency which in fact is seen in the lower right map (Fig. 16d) showing surface
pressure SITEs Taking into account a dominating eastward advection in long free ECHAM simulation
thisis consistent with the position over the Kara Sea of a center of systematically too high pressure (see
upper right map, Fig. 16b).

From these observations it seems reasonable to assume that too large sea ice coverage and too thick sea
ice in the model, in particular in the Greenland and Barents Seas, cause too little heating from the
underlying ocean. This seems reasonable especially as resent observations has shown that the thickness
of the Arctic sea-ice has decreased over the last decades (Rothrock et al., 1999) and also that thereis a
downward tendency in sea ice extend in the Arctic ( Serreze et al., 2000). Among the different
processes influencing the temperature vertical diffusion is found to correlate the best (negatively) with
the temperature SITEs at the lowest levels, afact which further supports this theory.

To test the theory we have made two seven year test integrations (1982 - 1988) with the ECHAMA4.5
model in which more realistic (less) sea ice coverage and/or thinner sea ice is prescribed. These were
compared with the same years in the standard AMIP2 ssmulation (called E4.5). In this ssmulation the
standard AMIP 2 monthly SST and sea ice coverage were used and a constant sea ice thickness were
over the Arctic set equal to 1.5 meters. In the first test smulation (called ICE1) we used instead the
dailly SST and sea ice coverage available in the ERA. A 5 year (1983 - 1987) mean January ERA sea
ice coverage in the Arctic is shown in the upper left map in Figure 17. In the lower left map, same



figure is shown the difference between the five year mean January AMIP2 sea ice coverage and the
corresponding ERA sea ice coverage. It is seen that on the average the ERA coverage is less than the
AMIP2 one. In the second test simulation (called ICE2) we used aso the ERA SST and sea ice
coverage but in addition the seaice thickness were changed to the thickness indicated in the lower right
map in Figure 17. In the Antarctic no changes were made in the sea ice thickness. The distribution of
the thickness reductions from the constant 1.5 meters used in the AMIP2 simulation were guided by the
sea ice thickness estimated for the 1990s from observations in Rothrock et al. (1999). The reductions,
especialy to 0.5 meters in the eastern part of the Arctic Ocean, are exaggerated on purpose in order to
take into account in a rough way holes in the ice coverage inside the grid cells. (In the present model
versions are used either full ice coverage or no ice coverage. However, in the new model version,
ECHAMD, fractional seaice coverage will be introduced).

In the upper left map in Figure 18 is shown the 7 year mean ERA January MSLP distribution over the
Arctic In the same figure are shown corresponding systematic MSLP error patterns for the AMIP
simulation (upper right map), for the ICE1 ssimulation (lower left map), and for the ICE2 simulation
(lower right map).Concentrating on the effects over the European side of the hemisphere we see that the
effects of the changes in SST and sea ice coverage only (from upper right map to lower left map) are
relatively small. The Kara Sea maximum is slightly intensified, the band of lower values across Europe
is dlightly more pronounced, and the maximum over the African coast is unchanged. The big change
comes from both SST/ice coverage and thickness changes (from upper right map to lower right map).
Here, the expected reduction of the Kara Sea maximum do occur. At the same time, however,
unexpected intensifications occur of the band of too low pressure across Europe and at the maximum
over the African coast. Both of these systematic errors were amost absent in the 7 year average AMIP 2
simulation, but reappears with the sea ice changes made here. Beside a large sensitivity to SST and sea
ice changes these experiments show once again that it is not enough to reduce the SITEs at just one
place on the Earth. We were right about the expected local effects of the Arctic seaice changes and no
doubt the local SITEs were reduced, but we had not taken remote effects into account. To do that the
SITEs must be reduced everywhere in order to benefit a a certain place from the effects of all remote
SITE reductions. This shows once more that the potentially most successful model improvement
approach is the iterative SITE detection procedure described in the beginning of the present section,
where model changes in each iteration are aiming at areduction of all SITEs.

4. Discussion and Conclusions

With the purpose of improving the performance of a state-of-the-art lower resolution atmospheric
global climate model (the T42,L19 ECHAM model) a new technique to determine systematic initial
tendency errors (SITEs) from high-resolution reanalysis data (the T106,L31 ERA) were developed and
validated. Estimates of velocity SITEs in the operational NWP models at ECMWF and UKMO had
been used previously for model improvement purposes (Klinker and Sardeshmukh,1992, and Milton
and Wilson, 1996). These SITE estimates were based on their respective operationa anayses with the
same resolution as the forecast models. As we want to use the high resolution ERA data , the most
realistic available, for estimates of SITEs in a lower resolution climate model we need to interpolate
verticaly and truncate horizontally the ERA data to the resolution of the climate model, we call the
resulting data T42 ERA. This creates gravity wave noise with large initial tendencies which may be
systematic and thus may obscure the SITES we want to detect. Therefore we need to eliminate the



influence of this noise on the SITEs determined. We have tried to do this in such away that damping of
imbalances connected to the SITEs we want to detect are minimized as much as possible. Another
difference between the Klinker and Sardeshmukh (loc. sit.) technique is that we are using a continuos
(i.e. al time steps) assimilation into the climate model of temporary interpolated ERA data. Whereas
the SITEs of Klinker and Sardeshmukh (loc. sit.) were based on tendency computations only four times
per day, when the analyses were available, our SITEs build on tendency computations at each time step
of the climate model. This extension was done to be able to resolve better the diurna cycle, of
important especialy for the determination of temperature SITEs. We have chosen a relaxation, or
nudging, technique for the assimilation of the T42 ERA data. In order to avoid large tendencies due to
gravity noise and at the same time limit compensating balancing of imbalances connected to SITEs of
interest we assimilate fully (insert) only that part of the T42 ERA data which project on the Slow
Norma Modes (SNMs) of the climate model (periods larger than a certain cut-off period, presently
chosen to 24 hours)). We call this slow normal mode insertion (SNMI). The SNMs constitute the
dominating part of the slow manifold. The ERA data are available only every sixth hour at which times
the SNMs are inserted fully (relaxation weight = 1) in the AGCM. Between these times the SNMs of
the model are relaxed toward the time interpolated SNMs of the reanalysis data with a weight
decreasing to zero for some time steps between the reanalysis times (cosine weights with window,
Figure 3). Thus, the model is used to interpolate the SNMs between the times when the reanalyzes are
available. With such time dependent relaxation weights, justified in “identical twin” experiments, the
assimilation technique is called optSNMI. The fast modes of the assimilating model develop freely and
so do the soil variables and all prognostic variables of the hydrological cycle. Thereby, imbalances in
the ERA T42 which project on the fast modes can not result in large spurious tendency errors as would
be the case if aso the fast modes were assimilated. Asin afree run unbalanced fast modes are forced by
nonlinear interactions and parameterized physical processes. This forcing may be systematically in error
and in that case we would like to detect it as SITEs. However, the imbalance created by the forcing sets
up fast oscillations which, are damped due to dissipation and the Asselin time filtering included in the
climate model. This damping works selectively, damping the smallest scales and the fastest modes the
most. After completely dying out of the oscillations the fast modes will be balanced and no SITEs will
be detected. In optSNMI assimilations ,as in free model simulations, the fast modes are well balanced
and thus SITESs projecting on the fast modes are in praxis excluded from detection. Thisis the price we
must pay to avoid that gravity wave noise in the ERA T42 data, caused by interpolation and truncation,
obscure the real SITEs. Since the relaxation weight use for the assimilation of the SNMs four times a
day isincreased to one the balancing of tendency errors projecting on these modesis very limited.

We compare the optSNMI assimilation with a more simple relaxation assimilation technique, called
DMI nudging (Kaas et a., 2000), in which no separation in fast and slow modes is used. In DMI
nudging constant relaxation weights for the different variables are chosen in such away that all gravity
modes are relaxed very weakly and Rossby modes are relaxed rather strongly. This means that Gravity
noise in the T42 ERA data as well asreal SITEs that project on all Gravity waves are damped heavily
by balancing and that even Rossby modes are damped moderately. On the other hand in optSNMI the
gravity modes, which have periods larger than 24 hours are included in the SNMs and therefore
imbal ances projecting on these low frequency gravity modes and on all Rossby modes are damped very
little. In SNMI only imbalances projecting on the fast gravity modes are heavily damped. It seems that



most real temperature SITEs project on the SNMs. Consequently, as illustrated in Figure 12, we get
much stronger, and supposedly more correct SITESs, with optSNMI than with DMI nudging.

Release of latent heat is an important process contributing to temperature tendencies and the main
factor controlling the release of latent heat is divergence. Since the SNMs include slow gravity modes,
describing part of the real divergence field, which are relaxed heavily to the T42 ERA, whereas these
modes are amost free in the DMI nudging , the optSNMI divergence fields must be assumed to be
more realistic than the DMI nudging fields. Figure 1b and 1c show that the magnitudes of the vertically
integrated optSNM I divergence are much larger than those of DMI nudging and with a pattern which
seems in agreement with synoptic praxis and without the gravity noise superimposed in Figure la. As
the divergence forcing in DMI nudging is very low it is amost the field which would develop without
divergence forcing. Generally the relaxation of T42 ERA divergence fields in optSNM| seems to be an
advantage in the sense that the T42 ERA divergence is in phase with the “free run” divergence, i.e. the
divergence which would develop if the divergence were not forced, as is the case for the fast modes.
However a problem for optSNMI was found over Brazil in the lee of the Andes. Here, in the mean
unrealistically little precipitation were simulated in an optSNMI assimilation, which were explained by
the low level divergence optSNMI divergence and the “free run” divergence being out of phase. The
reason for that must be that the large differences in the orography of the ECHAM and the ERA model.
The positions of the extremes in the divergence field in a free model integration are determined by the
extremes in the slopes of the model orography. And since here there are big differences in the model
orogrphies this explains that the divergence fields can be out of phase. Such problems may be present
in other mountainous regions and seems only to be avoided by having the same resolution, at last
horizontally, in the climate model and the reanalysis model. For the present set of models we haven't
found other solution to the problem than taking into account in the interpretation of the SITEs, that the
precipitation may be unrealistic in mountainous regions.

A general strategy for model improvement based on SITE detection by the optSNMI technique was
developed. A first SITE detection should be followed by model changes aiming at the elimination of as
much as possible of the SITEs detected. Then a second SITE detection should be made with the new
corrected model and base on these further model changes should be made. This iterative process should
be continued until the SITEs have been reduced to an acceptable level. When detecting SITES one

must, as far as possible, take into account the weaknesses of the SITE detection technique, including
known systematic errorsin the reanalysis data used. It seems reasonable to assume that such an iterative
process will converge. Finally one or more long, free simulations should be made to study the effect of
the model changes on the systematic errors.

This model improvement procedure will be applied to the new ECHAMS model version, which is
presently under development at the Max Planck Institute for M eteorology.

Here, only some SITE detection experiments were presented involving the two presently available
model versions, ECHAM 4 and ECHAMA4.5. These experiments showed the higher degree of
usefulness of the opt SNMI technique compared to the DMI nudging technique. They aso illustrated
the remote effect of model tendency errors, and it was emphasized that as a consequence it is necessary
to reduce, asfar as possible, al SITEs detected in each model improvement iteration. In the first
experiment differencesin the SITES detected over Central Africain assimilations with the two

ECHAM versions were argued to explain a reduction of the systematically too high pressure over the
north coast of Africa. However, asthe SITEs over Central Africawere not eliminated just changed this



change must just have compensated the influence of other remote errors. In the second experiment it
was argued that too strong cooling at low levels over the Greenland and Barents Seas caused by atoo
extensive and too thick seaice cover in the model, were causing the systematically too high pressure
over the Kara Sea. In a subsequent long ssmulation, called ICE2 in which the sea ice coverage reduced
in extend and thickness, it was found that as expected a reduction of the Kara Seatoo high pressure did
occur (compare upper right and lower right mapsin Figure 18). At the same time, however, an
unexpected intensification occurred of the band of too low pressure across Europe and of the too high
pressure over the African coast. Both of these systematic errors were almost absent in the 7 year control
simulation, but reappeared with the seaice changes made here. Beside alarge sensitivity to SST and
sea ice changes these experiments showed once again that it is not enough to change the SITEs at just
one place on the Earth. We were proved right about the expected local effects of the Arctic seaice
changes and no doubt the local SITES were reduced, but we had not taken remote effects into account.
To do that the SITEs must be reduced everywhere in order to benefit at a certain place from the effects
of al remote SITE reductions. This shows once more that the potentially most successful model
improvement approach is the iterative SITE detection procedure described above, where model changes
in each iteration are aiming at areduction of all SITEs.
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Figure Captions

Figure 1. Combined surface pressure tendency (shaded) and mean sea level pressure
(lines), January 1988 12UTC. (a) full Nudging (my =1), (b) optSNMI, (c) DMI
nudging

Figure 2a: Hovmoeller diagrams of 1000 log(surface pressure) averaged over the
latitude band 63 deg Sto 53 deg S. Full field in free run (upper left). The rest of the
diagrams:. deviations from the full free run.

Figure 2b: Temperature at the lowest model level (level 19) at a point over Asia (21 deg
N, 95 deg E) during a 2.5 days period.

Figure 3. Relaxation weights as a function of time.

Figure 4. Averaged global precipitation pattern over the period July1987 to January 1994
OoptSNM I assimilation (upper map), GPCC analysis (middle |eft map), AMIP2 free
simulation (middle right map), ERA 6 hours first guess forecasts (lower left map), DMI
nudging assimilation (lower right map).

Figure5: Averaged precipitation over South Americaduring January 1988: GPCC
analysis (upper left map), optSNMI assimilation (upper right map), ERA 6 hours first
guess forecasts (lower left map), DMI nudging assimilation (lower right map).

Figure 6: Lowest level monthly mean divergence fields over South America during January
1988: ERA 6 hoursfirst guess forecasts (lower left map), ERA T42 (upper left map),



OptSNM I assimilation (upper right map), DMI nudging assimilation (lower right map).
April month

Figures 7: Cross sections of monthly mean zonal averaged tendencies/tendency errors
computed from "identical twin" April month input to fullSNMI assimilation. Left column:
zonal averaged magnitude of GWD accelerations). Right column: zonal averaged GWD
temperature tendency (upper row), temperature tendency error with GWD (middle row),
and temperature tendency error without GWD (lower row).

Figures 8: Cross sections of monthly mean zonal averaged tendencies/tendency errors
computed from "identical twin" April month input to DMI nudging assimilation. Left
column: zonal averaged magnitude of GWD accelerations). Right column: zonal averaged
GWD temperature tendency (upper row), temperature tendency error with GWD (middle
row), and temperature tendency error without GWD (lower row).

Figures 9: Cross sections of monthly mean zonal averaged tendencies/tendency errors
computed from "identical twin" April month input to optSNMI assimilation. Left column:
zonal averaged magnitude of GWD accelerations). Right column: zonal averaged GWD
temperature tendency (upper row), temperature tendency error with GWD (middle row),
and temperature tendency error without GWD (lower row).

Figure 10: Average winter (DJF) mean sealevel pressure (MSLP) for the full 15 years ERA period
(upper map) and corresponding systematic MSLP errors (biases) for AMIP2 simulations with the two
latest ECHAM model versions, ECHAM4 (middle map), and ECHAMA4.5 (lower map).

Figure 11: Average winter (DJF) mean sealevel pressure (MSLP )systematic errors, 1993 - 1987,
(upper maps), and systematic errors in the 500 hPa band pass filtered standard deviations (STD),1983 -
1988, (lower maps) for AMIP2 simulations with the two latest ECHAM model versions, ECHAM4
(left column), and ECHAMA4.5 (right column).

Figure 12: Zonal averaged ECHAMA4.5 SITEs for temperature based on eight years (1982-1989) of
ERA assimilations using the optSNMI technique (upper cross section), and the DMI nudging technique
(lower cross section).

Figure 13: SITEsfor ECHAMA4.5 1000 log(surface pressure) based on eight years (1982-1989) of ERA
assimilations using the optSNM I technique (upper map), and the DM nudging technique (lower map).

Figure 14: Averaged winter time (DJF)200 hPa velocity potential for the ERA (upper map), for an
ECHAM4 AMIP simulation (middle map), and for an ECHAM4.5 simulation.

Figure 15: SITEsfor temperature at level 11 (~ 500 hPa) based on eight years (1982-1989) of ERA
assimilations using the optSNMI technique in an ECHAMA4.5 assimilation (upper map), andina
ECHAM 4 simulation (lower map).



Figure 16: Winter season SITEs based on eight years of an optSNMI assimilation (a, ¢, and d) and
MSLP systematic errors based on 15 years of an ECHAM4.5 AMIP2 simulation (b).

Figure 17: 5 year mean January ERA seaice coverage (upper left map), difference between the AMIP2
seaice coverage and the ERA seaice coverage (lower left map), difference between the AMIP1 seaice
coverage and the ERA seaice coverage (upper right map) The seaice thicknessin the ICE2 ssmulation
(lower right map)

Figure 18: 7 year mean ERA January M SLP distribution over the Arctic (upper right map), and
corresponding systematic MSLP error patterns for the AMIP simulation (upper right map), for the ICEL
simulation (lower left map), and for the ICE2 simulation (lower right map).



