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Abstract

This report examines the effect of model bias within a data assimilation sys-
tem. For this study we use the Goddard Earth Observing System (GEOS) Data
Assimilation System (DAS) which employs the Incremental Analysis Updating
(IAU) procedure. In such a procedure, the after-analysis minus first guess in-
crements are used as external forcing within a general circulation model (GCM)
to provide corrective adjustments for data assimilation. It is shown that for
a GCM which contains a climatological model bias, the climatology of the as-
similation will be biased from the climatology of the after-analysis. A modified
IAU procedure is presented which effectively removes the bias from the assim-
ilation. The procedure may also be modified for incorporation into traditional
intermittent data assimilation approaches.

iii




Contents

Abstract

List of Figures

1

2

Introduction

An examination of the GEOS-1 IAU Procedure
IAU with Memory

Simple Model

GEOS-DAS using TAU with Memory

5.1 Model Descripfion .. . o ¢ oo 0 00 b s 0 D s e e s e e s e s
5.2 Analysis Description . . . - . 0 0 c @ 0D s 0 s s s e e
5.3 Experiment Designand Results . . .. .................

Summary

References

iv

iii




List of Figures

:

10

11

12

13

14

Zonal mean (a) and 850 mb (b) IAU specific humidity tendency for
GEOS-1 DAS January climatology. . . . ... ... .. ... .....
Nature and model simulation for simple linear system. . . . ... ..
Control Intermittent (a,b) and Control IAU (c,d) assimilations for sim-
ple linear system. Lower panel shows 5-day detail. . . . . .. ... ..
Intermittent with memory (a,b) and IAU with memory (c,d) assimila-
tions for simple linear system. . . . .. .. .. ... ... ... ..
Analysis minus first guess (a) and IAU mean tendency (b) for the
control IAU and IAU with memory. . . . . .. ... .. ... .....
Zonal mean analysis-first guess and analysis-assimilation heights (a,c)
and specific humidity (b,d) for Control IAU averaged from January
through March, 1993. . 1. .« . 0« « o6 o vt C v s e e e e s
Zonal mean analysis-first guess and analysis-assimilation heights (a,c)
and specific humidity (b,d) for IAU with memory averaged from Jan-
uary through March,1993. . .. .. ... ... ... ... ......
Zonal mean IAU tendencies for: Control IAU temperatures (a), Con-
trol IAU specific humidity (b), IAU with Memory temperatures (c),
and TAU with Memory specific humidity (d) averaged from January
through March, 1993, . . . . . ¢ ¢ o & 0 & 5 v o @ v a e s e
Specific humidity (850 mb) analysis-first guess, IAU increment (scaled
to 6 hrs), and analysis-assimilation for Control IAU and IAU with
Memory. Contour interval =02g/kg . . . . . ... .. .. .. ....
Heights (150 mb) analysis-first guess, 250 mb temperature IAU in-
crement (scaled to 6 hrs.), and analysis-assimilation for Control IAU
and IAU with Memory. Contour interval = 5 K for heights, 0.5 K for
UEEIERIAIIE, 6 0 0 0 0 0 6 0 0 900 50 0B DO O GO0 000000 oS
Temperature (250 mb, 120° lon., -2° lat.) analysis-first guess (a), and

IAU temperature tendency (b) for control IAU and IAU with memory.

Specific humidity (850 mb, 120° lon., -2° lat.) analysis-first guess (a),
and IAU specific humidity tendency (b) for control IAU and IAU with
METHIOTY e o e
Zonal mean differences (IAU w/Memory minus Control) for after anal-
ysis and assimilated heights (a,c) and specific humidity (b,d) averaged
from January through March,1993. . . . . .. ... .. ... ... ..
Tropical mean Observations-First Guess mixing ratio mean and stan-
dard deviation for the Control IAU and lau with memory, averaged
from January through March,1993. . . . . .. ... .. ... ... ..

23

26

28

29




1 Introduction

The Data Assimilation Offfice (DAO) at NASA’s Goddard Space Flight Center is
currently producing a multi-year global atmospheric re-analysis using historic obser-
vations for the period 1980-1994 (see Schubert et al. 1993 and Schubert et al. 1995).
This system incorporates Version 1 of the Goddard Earth Observing System (GEOS)
general circulation model (GCM) and optimal interpolation (OI) analysis scheme.
The GEOS GCM and GEOS Data Assimilation System (DAS) are part of NASA’s
Earth Observing System program whose primary objective is to produce research
quality datasets from the satellite and surface measurements of the earth system that
will be available at the turn of the century. In this report we examine the effect of

model biases within the GEOS DAS.

Version 1 of the GEOS DAS has been used for shorter assimilations in support of
the Coupled Ocean-Atmosphere Response Experiment (COARE), of subprojects of
the Global Energy and Water Cycle Experiment (GEWEX), and of the Airborne
Southern Hemisphere Ozone Experiment (ASHOE) mission. In addition to these
data assimilation applications, the GEOS GCM is being used for climate simulations,

such as the DAQO’s participation in the Atmospheric Model Intercomparison Project
(AMIP) (Gates, 1992).

Because of the wide dissemination of the GEOS products, particularly those within
data assimilation, it is important that the behavior of the atmospheric GCM and
the analysis components of the GEOS DAS be thoroughly analyzed and documented.
The behavior of physical processes in the GCM, such as moist convection, radiative
heating, surface fluxes, and the hydrological cycle are the focus of Molod et al.(1996),
while the dynamical aspects of the GCM’s climate are discussed in Takacs and Suarez
(1996). In both studies, an examination of model biases was emphasized due to their
significant impact on the analysis through systematic errors in the model provided first
guess. This information is necessary both for a critical evaluation of the assimilation
products and to identify model deficiencies that need to be addressed in future versions
of the system.

The Incremental Analysis Updating (IAU) procedure, described by Bloom et al.(1996),
has had significant beneficial impact upon the analysis/assimilation technique. This
technique allows for relatively small adjustments (ie. corrections) to be made contin-
uously within a general circulation model to force a data assimilation system, and has
been shown to produce improved error statistics when compared to the intermittent
analysis approach. In addition the IAU technique acts like a high-frequency time
filter, thereby minimizing adverse reactive effects caused by imbalances created from
the analysis increments.

The analysis technique used by the DAQ’s re-analysis effort (see Pfaendtner et al.,
1995) assumes that the model provided first guess, as well as the observations, are
unbiased with respect to nature. As such, the analysis increments should be com-
posed of adjustments designed to address statistically random errors made by the
forecasting system. As pointed out by Daley (1991), however, a misspecification of
background error (in this case the assumption of an unbiased first guess) will pro-
duce an analysis which is sub-optimal. As shown in Molod et al.(1996), the model
biases from the GEOS-1 DAS had significant impact on the assimilated products,
particulary those quantities or diagnostics not directly assimilated. An examination
of the time-averaged analysis increments reveal the systematic nature of the analysis
corrections being made, and can be used to assess deficiencies in the various forcing




terms within the model (see Schubert and Chang, 1996). Figure la shows the clima-
tological January zonal mean specific humidity analysis increment from the GEOS-1
DAS assimilation. The analysis increment shown is the actual forcing used within the
GCM during the assimilation (at model grid-points interpolated to pressure surfaces).
We can see that there exists a systematic moistening in the lower levels of the atmo-
sphere, maximized at 850 mb, and a systematic drying aloft. These increments are
consistent with that obtained from the January mean observation minus first guess
(OMF) mixing ratio statistics averaged over the tropics at the observation points (not
shown). Figure 1b shows the January mean specific humidity analysis increment at
850 mb. We can see the extensive areas where the model was systematically dry.
These systematic errors revealed by the time-mean analysis increments significantly
impact the assimlated products themselves (eg. specific humidity) as.well as added
value products such as precipitation and diabatic heating.

Preliminary efforts have been made to address model bias both during forecasts and
data assimilation. Saha (1992) used a constant forcing term (estimated from an
ensemble of 1-day forecast errors) to “correct” model similations, and has shown
significant improvement in 5-day forecast skill. Da Silva et al.(1996) have formulated
an on-line estimation and correction of forecast bias based on existing operational
statistical analysis methods, and have examined their effect in simple linear modeling
tests.

Section 2 contains an overview of the IAU procedure used in Version 1 of the GEOS-
DAS, and its impact on the long-term climatology of the assimilation. Section 3
develops a modified IAU procedure which eliminates long-term errors within the as-
similation due to model bias. Section 4 presents results using a simple linear model,
while Section 5 examines the new IAU procedure within the full GEOS-DAS system.
A summary is presented in Section 6.

2 An examination of the GEOS-1 IAU Procedure

We begin by reviewing the IAU procedure which has been used for the multi-year
GEOS-1 DAS re-analysis. This examination is performed using a simple linearization
of the data assimilation paradigm. The [AU assimilation cycle is a 6-hour period
in which the GCM and analysis schemes are employed to produce the assimilated
products. Defining t, as the synoptic time of the analysis (0,6,12,18z), the 6-hour IAU
assimilation cycle can be expressed symbolically between (¢, — 3hr) and (¢, + 3hr) as

GCMfg (ta) — NGO Maes (ta = 3h7‘) + (%) 3hr (1)
AMF(t) = ANA(t.) — GOMy, (t.)
[AU = AMF(ta)/Tiau
dg

GC Mg, (ta — 3hr + At) = GCMyg, (ta — 3hr) + K@) + IAU} At (2)




where GC Mgyqs (t, — 3hr) is the assimilation restart 3 hours prior to the synoptic

analysis time, and (%%) is the unforced GCM model tendency. In this algorithm,

ANA(t,) is the state computed from the analysis scheme which optimally combines
the model first guess with observational data. The timescale associated with the AU
forcing is given as Tio,. From (1) and (2) we see that a first guess is provided to
the analysis by simply running the GCM in simulation (unforced) mode for 3 hours.
The model first guess is then subtracted from the after-analysis state to provide the
analysis minus first guess increment (AMF). Dividing the AMF by the IAU timescale
Tiau defines the IAU tendency which is then used as additional forcing to the GCM
during the assimilation cycle. The assimilation system is backed up to the original
restart 3 hours prior to the analysis time, and subsequently run in forced mode for 6
hours producing the assimilation product.

For this derivation we define the model assimilated state, GC My,s (t, — 3hr + At), as
being composed of a desired “true” assimilated state, GC' My, plus an error, GC M,,:

GC Muas (to — 3hr + At) = GC My (ta — 3hr + At) (3)
+ GCMey, (ta — 3hr + At).

Further, we define the model tendency as being composed of a desired “true” assim-
ilation tendency plus two error terms associated with the model’s bias and random

€ITOr Processes:
dg\ (0g dg dg
(E) - (E) tru ’ (E) bias ! <0t ) ran ' (4)

Of course, the “true” assimilated state and the “true” assimilation tendency are, in
general, unkown but are symbolically used here to gain an assessment of assimilation
errors. From these definitions, the time evolution of the true assimilated state is given

by

GC My, (ty — 3hr + At) = GC My, (t, — 3hr) + At (%i-) : (5)
tru

Finally, we define the true assimilated state at the synoptic analysis time ¢, as being
that produced from the analysis scheme:

GC My, (1) = ANA(t,). (6)

For an intermittent analysis approach (6) is trivally satisfied (ignoring initialization
subsequent to the analysis) since the assimilated state at the analysis time is defined
by the after-analysis state. For the IAU approach this is not necessarily true. We see,
therefore, that we are simply using the after-analysis state provided by the analysis
scheme as a defining goal of the true assimilated state, that 1s, one which reproduces




| the after-analysis state at the synoptic analysis time. The after-analysis state may
: further be defined as:

ANA(t,) = K Obs(t,) + (1 — K) GCMy, (), (7)

where K is a gain matriz which takes into account the relative accuracies of the model
first guess and the observations, Obs. Since K is not generally equal to one, we are
not defining the true assimilated state as one which a priori matches the observations.
It is useful to note here that if there are any biases in either GC My, (t,) or Obs(t,),
the resulting analysis will also be biased to some degree. This is true for both the
intermittent and AU analsyis approaches.

For this derivation the tendency errors associated with model bias are modeled as

dg g
(at>bias - Tb , (8)

where g. is the model climatology, ¢ is the instantanious model state, and 7, is the
timescale associated with model bias. The time varying solution for such a system is
given by

g(t) = glto)e ™™ + g [1 —e7/7] (9)
g(t) = glto) for t=0 (10)
g(t) = g, for t— o (11)

As can be seen, as the model solution approaches its climatology the model’s bias
tendency tends toward zero. Using (3) through (8) in (1) and (2), we may write the
errors in the assimilated state as:

GCMeTT (ta — 3hr ar At) = GCMerr (ta - 3hT’) (1 - Al ) (12)

Tiau
dg s
- — At
i (at)ran (1 Tiau>

GOM, — GC My, (to — 3h7) = GC Mepr (ta — 3hr)} (1 K ) N

Tb

Tiau

In (12) the “error” refers to the difference between the actual assimilated state and
that defined by the desired “true” assimilated state, (5). At the end of the assimilation
period (At = 6hr), the time ensemble mean of the error in the assimilated state
becomes




(13)

.—ANA o
GO (1, + 3hr) = (GCM ) [n,(r 3)]_

Th Tiau — 3 + 7

Here, () is defined as the long-term ensemble average. Notice in (13) that the time-
averaged random error tendency has been eliminated. In obtaining (13) we have used
the relations that GCM,,, (t, + 3hr) = GCM,,, (t, — 3hr) and GCM,,, = ANA.
Combining (13) with (3) we obtain an expression for the climatology of the assimilated
state:

WANA +  (Tiw — 3)GCM,

GCMdas - Ty - (Tiau - 3)

(14)

We see that the climatology of the assimilation is equal to a weighted average between
the climatology of the after-analysis and the climatology of the GCM. Using (7) we
may also express the climatology of the assimilated state as related to the climatology
of the observations:

o 10bs 4+ (rwu/K —3)GCM,
GCMe = N . (15)

We may summarize the affects of various parameters by the following table:

| Parameter [ Value ! Climatology |
T — 00 (no model bias) GCMy,; = ANA
K =0 GCMy,s = GCM,
Tiau — 00 (no IAU correction) | GC My,s = GCM,
Th — 0 GCMg, =GCM, !

We find that for very large values of timescales associated with model bias, 7, — oo,
there is not enough time between analysis synoptic periods for the model bias to
significantly influence the assimilated state. Thus, the climatology of the assimilation
is equal to that of the after-analysis. For a gain matrix K that highly favors the model
first guess, or as 7iq, becomes large (effectively causing no corrective adjustment), we
see that the climatology of the assimilation is equal to that of the model. This is
not surprising since the model is effectively running in simulation mode. The most
disturbing result from the above table, however, is that for model bias timescales
which are very short, 7, — 0, the climatology of the assimilation again is equal to
that of the model! Therefore, regardless of the corrective action taken by the analysis,
the climatology of the assimilated state will be biased.

The after-analysis minus first guess increment may be expressed as:

AMF = - GCMW(ta—{Shr)-i—S( (%)
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GCM. — GCMy, (ts — 3hr) — GC M, (to — 3hr) (16)
Th 2
while the ensemble time-mean AMF and AU are given by:
IUF - — (GC’Mc - ANA) [ TiauTh ] (17)
Th Tiau — 3 + 7%

_(GCMC—_O—bE>[ TiauTh ] (18)

i Tiau/]<—3+7'b
and
TAU = — (GCMc - ANA) -
Tiau — 3 + 7
- (nau/l( -3+7)" (20)

\

We see that the ensemble time-mean AMF will be zero (indicating statistically un-
biased analysis adjustments) only if the model’s climatology is equal that of the
after-analysis. In general, for GCMs containing model bias, this will not be the case.

The mean square error at the end of the 6-hour assimilation cycle, as well as the
mean square after-analysis minus first guess, may also be examined. Assuming, for
simplicity, that the desired true assimilated state is given by the constant ANA(¢,),
it may be shown that:

(%%)2mn n (GCMC—ANA>2] (Tb(Tiau-3)>2 for oo £ 3

- " Tiau—3+T
GCM2err(ta = 3) = ' ’
GOMZ.1(ta—3) = ... = GOMPurr(to)  for  Tiw =3
(21)
and
. dg\* (GCMC - ANA)"’ ( TiauTs )2
A |} = . 22
A (6t> mn+ Th Tiau—3+Tb ( )

We see from (12) that, for 7., = 3, the error at the end of the assimilation cycle
(At = 6hr) is equal to the error at the beginning of the period but with the opposite
sign. This produces the undesirable feature in (21) that the mean square error is
proportional to the error in the initial condition. We also see that the mean square
AMF contains contributions from both the model’s random error processes as well
as the model’s bias. In summary, it has been shown that the IAU procedure used in
the GEOS-1 DAS results in an assimilated product which is biased from the analyzed
state produced from the anaysis scheme, and produces non-zero time-mean analysis
minus first-guess increments.



3 IAU with Memory

In this section we develop a modified technique for the IAU process which removes
the bias from the data assimilation system. Consider the modified IAU algorithm
given by

GCMfg (ta) =G @I (ta - 3h7") + [(%) + IAUfg] 3hr

AMF(t,) = ANA(t.) — GCMy, (t.)
JAU = AMF(t,)/Tiau + 1AU;,

GCM (t, — 3hr + At) = GCMia, (ta — 3hr) + [(%) i IAU] At (23)

In this modification of the IAU algorithm, a “first guess” is used for the IAU increment
in obtaining the GCM first guess for the analysis. The final, or actual, IAU forcing
used in the assimilation is then computed as the original first guess increment plus
the current after-analysis minus first guess correction. The form of JAU;, will be
derived using the constraint that the climatology of the assimilated state be equal to
the climatology of the after-analysis. Note that for AUy, = 0, the modified scheme
reduces to that of the original method.

Using the same procedure as in section 2, we may express the errors in the assimilated
state from (23) as:

GC Mo, (ta — 3hr + At) = GC Mo (o — 3hv) (1 _ Al ) (24)

Tiau
dg 3
- 1 - At
2 (0t>mn( T,'au)

o [GCM. = GCMy (ta = 3hr) = GCMery (1o~ 3hr)] ( 3 ) o

Tb Tiau

+IAU, <1 - T?’ ) At.
Taking the ensemble time mean of (24) at the end of the assimilation cycle (At = 6Ar),

it may be shown that the mean assimilated state using the modified IAU algorithm
1s given by

GC M., (ta + 3hr) = (QQM . AUfg) [M] . (@)

Th Tiau — 3 Sk




We see that we can remove the time-mean error in the assimilated state by using a
first guess IAU increment defined by:

GCM.—- ANA

Tb

T = ( ) —  GCM., (t.+3hr)=0.  (26)

Using (23) and (24) we may show that the AMF is given by:

AMF = - [GCMW (ta — 3hr) +3 ( (%) (27)
GCM, — GC My, (t, — 3hr) — GC M.y, (ta — 3hr)

+ IAUfg)] .

Th

Using (26) it is easy to show that the ensemble mean IAU and AMF become

TAU (28)

Th

____(GCMC—m)

AMF = 0. (29)

Equation (28) states that for the IAU with memory algorithm the time-mean analysis
increment automatically becomes that required for use as IAUy, to eliminate biases
in the time-mean assimilated state. Notice that the time-mean analysis increment
in this modified IAU algorithm is larger than that derived in section 2 for GEOS-
1. This is due to the fact that, as mentioned in section 2, as a model reaches its
climatological state the model bias tendency tends toward zero. The mean IAU
increment is a measure of the model’s bias tendency. For assimilated states which are
near the model’s climatology, the mean IAU increment will be small. For assimilated
states which are far from the model’s climatology, the mean IAU increment will be
large. It should be stated again that for GC M, = AN A, this scheme reduces to the
original form presented in Bloom et al.(1996).

As in section 2 the mean square error and the mean square after-analysis minus
first guess may be examined at the end of the 6-hour assimilation cycle. Assuming,
again for simplicity, that the desired true assimilated state is given by the constant
AN A(t,), it may be shown that:

2
GCM?...(t, +3) = (@) (M

2
f; lau
5t P—— Tb) or Tinu £ 3 (30)

and




AMEF? = @ : (Mb—>2 (31)
- 8t e Tiau_3+Tb .

We see that, compared to the mean square error and mean square AMF obtained
from the IAU technique used in GEOS-1 (egs. 21 and 22), the contribution from the
model bias has been eliminated. In summary we find that by using the IAU algorithm
with memory, the ensemble mean IAU increment is a truer measure (ie., independent
of 7i4, and the gain matrix K) of the model’s climatological bias tendency while at
the same time, the ensemble mean assimilated state and AMF are unbiased.

4 Simple Model

To test the impact of using IAU with memory, we consider a simple single-wave system
defined by the following parameters:

(E>tm = 2w cos(wt), (32)

(%>bias B _<g—;bg£>, s

@) = :i:% hr~! uniformly distributed, (34)

where

w = 2r/(7T days)

7, = 24 hours

Tiew = 6 hours

go = 12

g = 4

K = ! 35

Figure (2) shows a time series of nature as well as a straight model run. For these runs,
a new random forcing was introduced every 6 simulated hours centered at the analysis
time. We see that the time-mean of the nature run is centered about it’s climatology of
12, while the model simulation is centered about 4. In figure (3) we see the impact of
data assimilation. Both the traditional intermittent approach and the IAU technique
are presented. For the intermittent approach (see fig.3b), the model is run in forecast
mode (light solid line) for 6 hours starting from the current after-analysis state (open
circles). This produces a first guess (crosses) for the analysis scheme at the end of the
6-hour forecast. The after-analysis state is computed as a weighted average between



the first guess and the observations (dark solid line). For these examples, the weights
(gain matrix K) are set equal to 1. This after-analysis state then becomes the initial
condition for the next 6-hour forecast. We see that through the use of intermittent
data assimilation there exits an improved correlation between the assimilation and
nature. However, we also see that due to the model’s bias (which systematically pulls
the 6-hour forecasts away from nature), a significant bias is produced between the
assimilation and nature, fig.(3a). In addition, the intermittent assimilation approach
also introduces spurious temporal high frequencies into the assimilation product. In
figs.(3c,d), we see the impact of using the IAU approach. Starting from the mid-
analysis times (3,9,15,21z), the model is run in forecast mode for 3 hours (crosses)
producing a first guess for the analysis. The after-analysis state (open circes) is then
computed as the weighted average between the first guess and the observations. An
IAU tendency is then computed as equal to the after-analysis state minus the first
guess, divided by 6 hours. This tendency is then used as additional forcing during
the model integration, which is performed by backing up to the mid-analysis time
and running for 6 hours creating the assimilation product. From fig.(3c) we see that
the IAU approach also produces an assimilation which is highly correlated with the
observations. However it, too, produces a significant bias with respect to nature. In
fact, the bias is slightly worse than the intermittent approach since the after-analysis
states are never fully realized. The significant advantage of the IAU technique is the
removal of the spurious high frequencies introduced by intermittent data assimilation.

Figure (4) repeats these experiments using the bias correction algorithm described
in section 3. For both the intermittent approach and the IAU technique, a 10-day
running mean of the analysis tendency (after-analysis minus first guess divided by
6 hours) is computed and used as forcing during the model’s first guess integration.
For simplicity, the running mean is approximated as

TAU" = oTAU" " + (1 — a)IAU™, (36)

where
4N -1
4N

N is the number of days used for the running mean, and n refers to a given assimilation
cycle. During the first 10 days of the assimilations, the running mean was simply being
generated. Beyond 10 days, the current value of the running mean is used to provide
an unbiased first guess for the analysis. We see that for both techniques, the bias
correction algorithm works exceedingly well. Even though the gain matrics has been
held constant at %, the resulting assimilation closely parallels the observations due to
the removal of the bias in the first guess.

Finally fig.(5) shows the time-series of the AMF and IAU tendency for both the
control IAU and the IAU with Memory assimilation. We see that due to the model’s
significant bias, the AMF from the control IAU assimilation remains biased while that
from the IAU with Memory assimilation tends toward a mean of zero. In addition,
as predicted by (19) and (28), the magnitude of the mean IAU tendency increases
with use of the bias correction algorithm. The calculated time-mean values of the
assimilated state, AMF, and IAU for the Control IAU and IAU with memory are
tabulated in Table 2:
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| Quantity | Control IAU [ IAU with Memory |

GC My, 9.818 12.000
AMF 1.455 0.000
TAU 0.242 0.333

Although not evident from the examples shown here, it is interesting to note that for
model bias timescales which are very short (~ 1-6 hrs.), a significant length of time
is required (several months) to remove the bias from the assimilation product. We
will return to this aspect of the algorithm in the next section.

5 GEOS-DAS using IAU with Memory

5.1 Model Description

The GEOS GCM used for this study is a development version based on that described
by Takacs et al.(1994). This model uses the fourth-order version of the Aries/GEOS
dynamical core described in Suarez and Takacs (1995). This core is a modular,
Eulerian, finite-difference dynamics package used for many global modeling applica-
tions at Goddard. The equations are finite-differenced on an Arakawa C-grid in the
horizontal and a Lorenz grid on a standard o coordinate in the vertical (46-Levels,
Ptop = 0.1mb). The vertical distribution of the sigma levels is chosen so as to provide
enhanced resolution in the planetary boundary layer and near the tropopause.

The physics package includes a full set of sub-grid parameterizations. Penetrative and
shallow cumulus convection are parameterized using the Relaxed Arakawa-Schubert
scheme of Moorthi and Suarez (1992), coupled with a Kessler-type scheme for the
re-evaporation of falling rain (Sud and Molod, 1988). The thermal and solar radi-
ation parameterizations are from Chou and Suarez (1994) and are accurate to 0.01
mb. Cloudiness is diagnosed using a simple scheme based on liquid water detrained
during cumulus convection and large-scale condensation. Turbulent eddy fluxes of
momentum, heat, and moisture in the surface layer are calculated using stability-
dependent bulk formulas based on Monin-Obukhov similarity functions. Above the
surface layer, turbulent fluxes of momentum, heat, and moisture are calculated by the
Level 2.5 Mellor-Yamada type closure scheme of Helfand and Labraga (1988), which
predicts turbulent kinetic energy and determines the eddy transfer coefficients used

for a bulk formulation. The gravity wave drag scheme follows a parameterization
described by Zhou et al.(1996).

5.2 Analysis Description

The analysis scheme used for this study is based on that used in Version 1 of the
GEOS DAS (see Pfaendtner et al.(1995), Baker et al.(1987)). This method employs
an optimal interpolation (OI) analysis scheme at 18 mandatory pressure levels, and
the IAU procedure already discussed.

11




The Ol is a three-dimensional (multivariate in z, u, v; univariate in mixing ratio),
statistical objective analysis scheme employing damped cosine horizontal autocorrela-
tion functions for model prediction error, and a multivariate oceanic surface analysis
incorporating an Ekman balance for the sea-level pressure and winds. Analyzed
heights are converted to temperatures increments through the hypsometric equation.
Observational data for the surface analysis consists of surface land, ship, and buoy
reports. The upper-air analysis incorporates data from rawinsondes, dropwindson-
des, rocketsondes, aircraft winds, cloud tracked winds, and thicknesses from the Tiros
Operational Vertical Sounder (TOVS).

The OI is performed every 6 hours using observations from a 4 3-hour data window
centered on the analysis times ( 0000, 0600, 1200, and 1800 UTC). Following Bloom
et al.(1996), an analysis tendency (OI “After-Analysis” minus GCM “First Guess”
over 6-hours) is computed on the GCM sigma surfaces and used as a constant model
forcing during the assimilation. With this method the model is not re-initialized
at the analysis intervals, and the entire assimilation may be viewed as a continuous
integration of the GCM in which the analysis increments act as another of the physical
parameterizations.

5.3 Experiment Design and Results

To test the impact of using the IAU with memory algorithm within the GEOS DAS,
two assimilations were run for a period of 4 months. For simplicity, the experiments
were conducted using 4° x 5° horizontal resolution. The assimilations were started on
December 4th, 1992. For the IAU with memory experiment, a 25-day running mean
IAU tendency was computed following the technique described by (36). Using the
simple linear model shown in section 4 with a prescribed seasonally dependent bias,
it was found that 25 days was sufficient to capture the model bias without destroying
its seasonal impact. After completion of the spin-up period, the mean IAU tendency
was used as forcing during the first-guess phase of the assimilation cycle.

Figure (6a,b) shows the zonally averaged analysis-first guess height and specific
humdity for the control experiment averaged from January through March, 1993. In
this control run we see a significant negative height bias at upper levels in the tropics
which is associated with excessive diabatic heating from convection and diagnosed
clouds during the first guess forecast. There is also a significant positive bias of
heights at mid-latitudes. The moisture bias in the control run is similar to that found
in the GEOS-1 DAS where a significant dry bias appears in the first guess forecast at
850 mb, and a significant moist bias near the surface. The upper-level moist bias in

the GEOS-1 DAS results has been reduced.

As demonstrated in section 4 the biases in the first guess should impact both the after-
analysis state as well as the IAU driven assimilated state. Figure (6¢,d) shows the
control zonally averaged analysis-assimilation height and specific humdity. We see
that the biases in the first guess have significantly impacted the assimation product of
heights and specific humidity. While the analysis-assimilation differences are smaller
than those in the analysis-first guess | the very strong signature of the model biases
are still present.

Figure (7a,b) shows the zonally averaged analysis-first guess height and specific
humdity for the IAU with memory experiment averaged from January through March,
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1993. In this run we see a significant reduction in the zonally averaged AMF fields.
These differences are further reduced for the zonally averaged analysis-assimilation
(AMA) fields, fig (7c,d). We see that by using the bias correction term in the first-
guess component of the assimilation cycle, the systematic difference between the
after-analysis state and the first guess state has been substantially reduced. As a
result the “climate”, or monthly mean time average, of the assimilated state product
is also much closer to the “climate” of the analyzed state.

Following the results from sections 2 and 3, the time mean IAU tendency should
increase with use of the memory algorithm. Figure (8) depicts the zonally averaged
IAU tendencies of temperature and specific humidity for the two assimilations. We
see in both fields a factor of ~ 2 increase in the maximum value. This is consistant
with the analysis in section 4 for bias timescales on the order of several hours.

Figure (9) shows the impact of using the IAU with memory algorithm at the level of
maximum moisture bias, 850 mb, averaged from January through March, 1993. The
left column depicts the control run, while the right shows the impact of IAU with
memory. The top panels show the specific humidity analysis-first guess field derived
from the pressurel level analysis. The bias from the control run is very similar to that
shown for the GEOS-1 DAS assimilation, fig. (1). The analysis-first guess field for
the IAU with memory experiment, however, shows little evidence of systematic bias
in the first guess forecast. The middle panels show the actual IAU tendency (scaled
to 6 hours, interpolated to pressure) used to force the data assimilation system. For
the control run, this tendency is practically identical (to within vertical interpolation
errors) to the analysis-first guess increment produced from the pressure level analysis.
However, for the IAU with memory experiment we see a significant increase in the
magnitude of the IAU forcing as predicted in sections 2 and 3. The lower panels show
the analysis-assimilation fields from the DAS products. We see that the control
assimilation contains a significant portion of the moisture bias signature evident in
the first guess forecast, while that from the IAU with memory experiment shows no
bias when compared to the analysis state.

Figure (10) repeats this same examination but for the analyzed heights at 150 mb
and 250 mb temperature increments. Similar to the moisture analysis, there is a
considerable increase in the magnitude of the IAU temperature forcing in conjunction
with TAU with memory. This leads to a significant reduction in the systematic bias
in the analysis-first guess and analysis-assimilation height fields.

Figures (11) and (12) depict time-seriesof the analysis-first guess fields and their cor-
responding IAU tendencies for a location of maximum bias (120°longitude, —2°latitude).
We see that during the spin-up period, the two assimilations are identical. After the
spin-up period is completed and the mean IAU tendency is used in the first guess
component of the assimilation we see that the analysis-first guess difference tends
toward zero. In addition, the IAU tendencies begin to grow in magnitude. Even after
3% months the AU tendency has not yet reach a level of saturation. As indicated in
section 4, this is indicative of biases with very short timescales.

To assess the impact of the IAU with memory algorithm on the actual analyses and
final assimilated states, we next compare the final products of the height and moisture
fields between the two runs. Figure (13a,b) depicts the differences between the two
after-analysis states, while fig.(13¢,d) show the differences between the two assimilated
states. We see that the two after analysis states for heights are similar in northern
mid-latidues between the two runs. This implies that the after-analysis state in this
region is a realiable assessment of the true atmosphere and is largely determined by
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observational data. The difference between the two assimilated height states, however,
is quite significant and has the character of the model bias. Since we have shown from
figs.(6) and (7) that that the “climate” from the JAU with memory assimilation is
much closer to the “climate” of the after-analysis, the IAU with memory algorithm
provides a distinct improvement to depicting the actual state of the atmosphere.

The situation is quite different for heights in the southern hemisphere and for moisture
in general. We see in fig.(13a,b) that there exists significant differences between the
after-analysis states between the two runs, especially for moisture. The moisture
difference is actually more than the difference in the control analysis-first guess (note
the change in contour level). This implies that in these data poor regions where the
model provided first guess plays a more important role, the model bias more strongly
influences the determination of the after-analysis state. By greatly reducing the
systematic bias from the first guess, the results from the IAU with memory algorithm
show that the after-analysis itself has shifted away from the model’s dry climatology
toward the wetter observations. Since the only data source used for the moisture
analysis are rawindsonde measurements, it is informative to examine the observations-
first guess statistics between the two runs for this field. Figure (14) shows the OMF
statistics for mixing ratio averaged in the tropics from January through March, 1993.
We see that similar to the AMF shown in figs.(6) and (7) there exists a considerable
decrease in the mean OMF error when using the IAU with memory algorithm. A
smaller decrease is also evident in the OMF standard deviation. By providing a
first guess which is less biased, the analysis scheme automatically draws closer to
the observations. As a result, the assimilation produced using this wetter analysis is

also significantly wetter than the corresponding assimilation using the control IAU,
fig.(13c,d).

6 Summary

In this study we have examined the impact of model bias on the GEOS data assimila-
tion system. Through the use of a linear analysis of the data assimilation paradigm,
it was shown that the IAU technique used in Version 1 of the GEOS DAS leaves the
assimilated state biased from the climatology of the after-analysis. This bias may
be effectively removed by introducing a systematic correction during the first guess
phase of the assimilation, in conjunction with a slightly modified form of the IAU
forcing. Using simple linear models, the technique worked equally well within the
traditional intermittent and IAU assimilation approaches. The systematic correction
was derived to be simply equal to the time ensemble mean analysis increment.

When examined within the full GEOS DAS system, it was shown that the control
IAU technique clearly left the assimilated states biased from the climatology of the
after-analysis. These biases were significantly reduced when the IAU with memory
algorithm was applied. In regions where the model bias was strongest, the actual
after-analysis state was also significantly affected.

The mean IAU increment used as forcing within the first guess phase of the assimi-
lation is computed from a 25-day running mean from previous analysis periods. The
system is adaptive in the sense that as the model climatology improves, and model
bias diminishes, the technique adjusts to the orignal form developed by Bloom et
al.(1996). While it has been shown that the mean IAU forcing is an effective measure
to remove model bias, it is also clear that this estimate of model bias will be con-
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taminated by biases in the observing system. For future work, da Silva et al.(1996)
propose to improve this estimate by using time histories of observations -first guess
increments from a subset of the observing system for which bias is negligible compared
to that of the forecast model.
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