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[1] Global circulation models (GCMs) for the thermosphere ionosphere system have been in
use for more than 20 years. In the beginning the GCMs were run on supercomputers, were
expensive to run, and were used mainly to provide insight into the physics of the region and to
interpret measurements. Advances in computer technology have made it possible to run GCMs
on desktops and to compare their results with real-time or near-real-time measurements.
Today’s models are capable of reproducing generic geomagnetic storm effects, but modeling
specific storms is still a challenge because accurate descriptions of the energy input during
storms are not easy to obtain. One way to compensate for the uncertainty in model inputs for a
given period is to assimilate measurements into the model results. In this way, meteorologists
have been improving their ability to model tropospheric weather for the last few decades. Data
assimilation algorithms have seen an explosive growth in the last few years, and the time has
come to apply such techniques to the thermospheric storm effects problem. We present results
from an ensemble Kalman filter scheme that determines the best estimate of the global height-
integrated O/N2 ratio by combining GCM results and uncertainties with measurements and
their errors. We describe the differences that result from the application of an ensemble Kalman
filter to an externally forced system (neutral chemical composition) versus a system dominated
by the initial condition and internal dynamics (tropospheric weather and ocean models). The
results demonstrate that an ensemble of 10 members is able to characterize the state covariance
matrix with sufficient fidelity to enable the Kalman filter to operate in a stable mode. Some
information about the external forcing was extracted from the estimate of the state. The general
trend of the forcing was followed by the filter, but departures were present over some
periods. INDEX TERMS: 0355 Atmospheric Composition and Structure: Thermosphere---composition and
chemistry; 0358 Atmospheric Composition and Structure: Thermosphere---energy deposition; 3210 Mathematical
Geophysics: Modeling; 3299 Mathematical Geophysics: General or miscellaneous; KEYWORDS: Kalman filter, data
assimilation, thermosphere composition
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1. Introduction

[2] The purpose of this paper is to describe the applica-
tion of a data assimilation scheme that combines measure-
ments and model results on the basis of their respective
uncertainties. In the absence of detailed knowledge of the
high-latitude input, simulated measurements of the chem-
ical composition in the thermosphere are used to guide the
model results toward a solution that is consistent with the
input without actually measuring it. In this section we
describe the state of modeling and the need for data
assimilation for the thermosphere ionosphere system.
[3] Important progress has been made in modeling the

effects of geomagnetic storms in the thermosphere and
ionosphere using global models with large grids (2�--
5� latitude, 5�--18� longitude). Numerical simulations of

generic [e.g., Fuller-Rowell et al., 1994, 1996] and specific
[e.g., Codrescu et al., 1997; Fuller-Rowell et al., 2000] storms
using global circulation models (GCMs) have provided a
better understanding of the dynamics of the upper atmo-
sphere and have permitted the identification of the pro-
cesses responsible for global ionospheric storm effects at
high latitudes and midlatitudes. Neutral composition
changes driven by high-latitude energy inputs have been
identified as one of the main mechanisms responsible for
global storm effects [Rishbeth et al., 1987; Prölss, 1987; Burns
et al., 1991]. However, one should keep in mind that the
models do not include the physics of processes with
horizontal spatial scales smaller than 400 km.
[4] Most GCM simulations use statistical patterns of

electric field and particle precipitation to calculate the
high-latitude energy input into the upper atmosphere.
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Storm effects are very sensitive to the temporal and spatial
distribution of the energy input into the high-latitude
region. However, statistical patterns do not reproduce
even the global-scale characteristics of specific storms. As
a result, GCMs can predict typical storm effects (generic
storms) rather well but have difficulties modeling specific
storm periods because the precise temporal and spatial
energy inputs cannot be specified from statistical patterns
even for the large grid spacing (2� latitude and 18� longi-
tude) used in this study.
[5] The high-latitude energy input and its spatial distri-

bution have been recognized as the single largest source of
uncertainty in a GCM simulation of specific storm con-
ditions in the upper atmosphere [Codrescu et al., 1997]. The
need for better inputs is being addressed by the commu-
nity, and efforts are being made to produce forcing pat-
terns using the SuperDARN radar network and techniques
like the assimilative mapping of ionospheric electrody-
namics [Richmond and Kamide, 1988]. However, as the
possibility of entirely removing the forcing uncertainty
through direct measurements of electric fields and con-
ductivities is impractical at this time, the use of data
assimilation techniques and measurements of the variable
of interest, like the O/N2 ratio in this case, is an attractive
alternative.
[6] There are many ways to implement ‘‘data assimila-

tion’’ using techniques that range from a simple replace-
ment of a model result by a ‘‘raw’’ measurement at one
location (nudging) to sequential statistical methods like the
extended Kalman filter (KF). The computational burden
generally increases with the sophistication of the data
assimilation scheme and quickly becomes prohibitive in
the case of global GCMs for the thermosphere-ionosphere
system (see Minter [2002] for full details).
[7] The thermosphere-ionosphere system is strongly

forced, meaning that the initial condition can become
irrelevant in a matter of hours or even tens of minutes if
the external forcing changes rapidly. From a modeling
point of view, during storms, if we have accurate inputs
over tens of minutes, then one can start a simulation from
any state (including all zeros) and still get a better answer
than if we start from the perfect initial state but have no
knowledge of the input. The strong forcing of the system
creates new challenges and makes the direct application of
data assimilation methods developed for tropospheric
weather and ocean circulation difficult.
[8] The full implementation of the extended KF is not

practical for large dimensional problems, and the approx-
imate treatment of the state error representation may lead
to unbounded error growth [Evensen, 1994]. The difficulties
have been resolved in the oceanographic community by
the introduction of Monte Carlo--based methods to fore-
cast error statistics using the ensemble Kalman filter
(enKF) [Evensen, 1994; Houtekamer and Mitchell, 1998]. More
recently, new approaches that combine data assimilation
and ensemble predictions for atmospheric and ocean
science have proven to perform significantly better in
ensemble adjustment Kalman filters (eaKF) [Anderson,

2001, 2003]. However, the enFK and eaKF techniques
described in the literature need to be adapted for the case
of a strongly forced system before they can be applied to
the thermosphere-ionosphere system [Fuller-Rowell et al.,
2004; Minter et al., 2004].
[9] In this paper we present preliminary results on the

use of an ensemble-type Kalman Filter (entKF) technique
on a strongly forced nonlinear system, using software
[Minter, 2002] developed as part of the Utah State Univer-
sity Global Assimilation of Ionospheric Measurements
effort [Schunk et al., 2004]. The system is modeled by a
GCM, the coupled thermosphere ionosphere model
(CTIM) described in section 2. The CTIM-propagated
neutral composition of the thermosphere is constrained
using simulated measurements from a more sophisticated
model, the Coupled Thermosphere Ionosphere Plasma-
sphere Electrodynamics (CTIPE) model, to which 10%
random variability was added. The use of simulated mea-
surements is justified by the need to demonstrate the
concept in the absence of true measurements with suffi-
cient spatial and temporal coverage at this time. However,
measurements from the Special Sensor Ultraviolet Limb
Imager and Special Sensor Ultraviolet Spectrographic
Imager on DMSP satellite series will be available in the
near future.
[10] The parameter (state) optimized by the filter is the

global distribution of the height-integrated O/N2 ratio.
The Kalman state has 1820 elements corresponding to
the spatial cells of height-integrated O/N2 ratio. The
height-integrated O/N2 ratio is calculated as in the study
by Strickland et al. [1995]. The global three-dimensional
distribution of O, O2, and N2 is calculated from height-
integrated O/N2 on the basis of a set of tables derived by
Fuller-Rowell using the Mass Spectrometer Incoherent
Scatter (MSIS) model and CTIM results. The tables are
available by request.
[11] The entKF runs a number of versions of the CTIM

model, forced at different levels of geomagnetic activity.
Statistics derived from the results are used to specify the
uncertainties associated with the model prediction. One
version of the model, forced at the most probable level, is
used to propagate the Kalman state. The propagated state
and ‘‘measurements’’ are then combined, taking into
account their associated uncertainties using the Kalman
filter equations described in section 3.

2. Propagation Model for entKF

[12] The KF technique requires a model to propagate
the state in time. When the state is well sampled by
measurements, the propagation model is not important,
and persistence (the modeled state does not change in
time) or a Gauss-Markov process in which the state
tends, with a predefined time constant, to a nominal
value (climatology) in the absence of measurements, is
successfully used. When the state is undersampled, and
especially when parts of the state are unobservable,
which is likely the case in space sciences at this time,

S11002 CODRESCU ET AL.: KALMAN FILTER FOR THERMOSPHERIC COMPOSITION

2 of 9

S11002



the propagation model becomes very important. This is
why we use CTIM to propagate the state in our data
assimilation scheme.
[13] CTIM is a nonlinear, coupled thermosphere-iono-

sphere physically based numerical code. The model con-
sists of three distinct components which run concurrently
and are fully coupled. Included are a global thermosphere,
a high-latitude ionosphere, and a midlatitude and low-
latitude ionosphere. The thermospheric model was origi-
nally developed by Fuller-Rowell [Fuller-Rowell and Rees,
1980; Rees et al., 1980] and is fully described in the Ph.D.
thesis of Fuller-Rowell [1981]. The high-latitude ionospheric
model was developed by S. Quegan [Quegan, 1982; Quegan
et al., 1982]. CTIM has a 2� latitude, 18� longitude, and one
scale height vertical resolution, resulting in 27,300 grid
points. The time step is 1 min.
[14] CTIM is global and solves numerically the nonlinear

primitive equations of momentum, energy, continuity, and
major species composition to simulate the time-dependent
structure of neutral temperature and density, height of
pressure surfaces, and atomic and molecular oxygen and
molecular nitrogen concentrations. The ionospheric code
includes horizontal transport, vertical diffusion, and ion-
ion and ion-neutral chemical processes. The model has
been presented in publications by Fuller-Rowell and Rees
[1980, 1983] and Fuller-Rowell et al. [1987, 1996] and has
been used extensively over the last 15 years to understand
the upper atmosphere. More emphasis has been placed
lately on operational applications.
[15] The magnetospheric input to the model can be

specified in several ways. We normally use time sequences
of statistical patterns of auroral precipitation and electric
fields described by Fuller-Rowell and Evans [1987] and
Foster et al. [1986], respectively, keyed to the hemispheric
power index derived from TIROS/NOAA auroral particle
measurements [Evans et al., 1988]. Recently, we have
updated the magnetospheric input to include the effects
of small-scale electric field fluctuations [Codrescu et al.,
2000].
[16] Ten identical versions of the model, forced at dif-

ferent levels of geomagnetic activity, are run concurrently
as members of the entKF and are used to compute the
covariance matrix needed by the filter. One additional run
is used to propagate the state in time.

3. Ensemble Kalman Filter

[17] The KF is a set of mathematical equations that
minimizes the mean of the squared error of the estimate
of a process in a computationally efficient way. The tech-
nique supports estimations of past, present, and even
future states, and it can do so even when the precise
nature of the modeled system is unknown. The KF has
been used to estimate total electron content values from
GPS dual frequency measurements [e.g., Wilson et al.,
1995] and to infer the state of the ionosphere [e.g., Howe
et al., 1998]. Here we present the basic KF equations and
point out the main differences in the case of entKF.

[18] Following loosely Kalman [1960], the classic Kalman
filter equations can be written as

xF t þ 1ð Þ ¼ F t þ 1; tð Þx tð Þ þ u tð Þ ð1Þ

PF t þ 1ð Þ ¼ F t þ 1; tð ÞP tð ÞFT t þ 1; tð Þ þQ tð Þ ð2Þ

y t þ 1ð Þ ¼ M tð ÞxF t þ 1ð Þ þ v tð Þ ð3Þ

K t þ 1ð Þ ¼ PF t þ 1ð ÞMT tð Þ M tð ÞPF t þ 1ð ÞMT tð Þ þ R tð Þ
� ��1 ð4Þ

x t þ 1ð Þ ¼ xF t þ 1ð Þ þK t þ 1ð Þ y t þ 1ð Þ �M tð ÞxF t þ 1ð Þ
� �

ð5Þ

P t þ 1ð Þ ¼ I�K t þ 1ð ÞM tð Þð ÞPF t þ 1ð Þ; ð6Þ

where
x(t) best estimate of the state vector (of length n)

at time t;
xF(t + 1) forecast value of the state vector at t + 1,

before new data are assimilated;
F(t + 1; t) n by n transition matrix describing the

evolution of the system from time t to time
t + 1;

u(t) vector of length n realization of the process
noise, assumed Gaussian random with zero
mean;

P(t) n by n covariance matrix at time t;
PF(t + 1) forecast value of the covariance matrix at

time t + 1, before data is assimilated;
Q(t) diagonal n by n covariance matrix of the

process noise, that is, E(uuT);
y(t + 1) measurement vector (of length m) at time t +

1;
M(t) m by n measurement matrix, relating the

measured values to the state vector xF(t + 1);
v(t) vector realization (of length m) of the

measurement noise, assumed Gaussian ran-
dom with zero mean;

K(t + 1) n by m Kalman gain matrix; and
R(t) m by m observation error covariance matrix,

that is, E(vvT).

[19] In present-day data assimilation language, equa-
tions (1) and (2) are the forecast equations for the state
and error, respectively, equation (3) is the observation
equation, equation (4) is the Kalman gain equation, and
equations (5) and (6) are the analysis equations for the
state and error, respectively. It is assumed that F(t + 1; t)
corresponds to a linear local approximation of the nonlin-
ear dynamical system.
[20] The implementation of the full Kalman filter,

although conceptually straightforward, is difficult for real
systemswith largestates.Thecomputationalburdenquickly
becomes impractical, especially for large nonlinear sys-
tems. The calculation of the F matrix for the locally
linearized system, the propagation of errors (equation (2)),
and the computation of the updated error covariancematrix
(equation (6)) are the most expensive computational tasks.
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These difficulties have prompted a search for newmethods
to estimate and propagate the error covariance matrix.
Evensen [1994] proposed the use of Monte Carlo methods
for error covariance evolution and estimation in an algo-
rithm now called the ensemble Kalman filter (entKF).
[21] Figure 1 illustrates the flowchart of our implemen-

tation of the entKF. The state can be propagated forward
by a nonlinear model, making the calculation of F(t + 1; t)
unnecessary. The error covariance matrix PF(t + 1) is
evaluated from a number of versions of the forward model,
called members, that run in parallel and form the ensem-
ble. Simple statistics calculations using the states of the
members of the ensemble are used to calculate PF(t + 1), as
described below. Equations (3), (4), (5), and (6) are imple-
mented as in the classic Kalman filter.
[22] In the case of systems where the initial condition is

important (i.e., troposphere and ocean), the members’
initial conditions must be distributed according to the
uncertainty in the state at the start of every assimilation
step. By contrast, in strongly forced systems (i.e., thermo-
spheric neutral composition) the members must be forced
at a variety of levels reflecting the probability distribution
of the forcing during the next data assimilation step. We
start all the ensemble members, at each assimilation step,
from the best estimate of the state at that time so that the

only difference between members is the forcing over the
current data assimilation time step. The forcing is kept
constant for each member over the assimilation time step.
[23] We calculate the forecast covariance matrix using

equation (7),

PF
ij t þ 1ð Þ ¼ Pij tð Þ þ

SM
m¼1 xmi � �xi

� �
xmj � �xj

� �

n� 1
; ð7Þ

where i and j define the position in thematrix (i, j = 1,1820 in
this case) and M is the number of ensemble members (M =
10 in this study). Pij(t) is the covariance matrix at the end of
the previous assimilation step. Equation (7) replaces
equation (2). Note that Pij(t) is not properly propagated
forward; that is, the existing uncertainties are assumed to
apply unchanged after the state is propagated. The use of
the unpropagated Pij(t) is justified by the coarse resolution
of the model and the short (12 min) data assimilation step.
This is a good approximation, as the uncertainties in the
state do not change significantly over 12 min because of
system dynamics. Note that in the case of unforced systems,
there is no need to add Pij(t) in equation (7) because the
second term in equation (7) already accounts for the
uncertainty in the state at the beginning of the assimilation

Figure 1. Flowchart of our implementation of the entKF. The state is propagated forward by a
nonlinear model (CTIM). The error covariance matrix PF(t + 1) is evaluated from a number of
versions of the CTIM model, called members, that run in parallel and form the ensemble. Simple
statistics calculations using the states of the members of the ensemble are used to calculate the
covariance matrix. The data used in the assimilation scheme are generated by sampling results
from a more sophisticated model (CTIPE) that includes the plasmasphere and electrodynamics
that are not modeled in CTIM. Gaussian distributed random variations of 10% are added as
measurement noise.
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step due to the randomperturbations of the initial condition
of the ensemble members.
[24] The number of members M used in this study was

arbitrarily chosen to be equal to the number of activity
levels in the high-latitude convection and particle precip-
itation models used in CTIM. The optimum number of
members depends on the system. The addition of mem-
bers to the ensemble improves the statistical representa-
tion of the system, but the improvement becomes smaller
as the total number of members increases. The results
illustrate, in the case of our system, that a small number of
members (10) may be sufficient.
[25] The Kalman state used in this study is the global

distribution of the height-integrated O/N2 ratio, which is
tightly related to neutral chemical composition. The O/N2

ratio is controlled by the integral heating over periods of
hours and therefore is sensitive only to large-scale
(hundreds of kilometers) effects. The state contains 1820
elements, corresponding to the grid points in CTIM. The
grid points are distributed uniformly over the globe at 18�
geographic longitude and 2� geographic latitude (20 � 91).
The dynamics of the nonlinear system are not included
directly in the state but are captured indirectly through
the proper forcing of the model used to propagate the
state forward in time. The forcing could easily be included
in the state, for example, as coefficients of some empirical
orthogonal functions or as a perturbation of the statistical
pattern at all the high-latitude grid points (about 400
values for each hemisphere). The coefficients or the
perturbations would be estimated by the filter at every
assimilation time step, but we have not done so in this
study. Including the forcing in the state is a natural next
step.
[26] The Kalman filter does not use any direct informa-

tion of the forcing (i.e., hemispheric power; activity level;
and Kp, Ap, AE, or any other index) in this study. This is
deliberately done to test the limits of the assimilation
scheme. The propagation of the state for the current as-
similation step is performed at a level of forcing that is
estimated on the basis of the comparison of the individual
members’ final state with the best estimate of the state after
the assimilation of measurements. At the end of each
assimilation step we choose the forcing of the member that
has the lowest root-mean-square (RMS) difference from
the assimilated state for the next state propagation. The
result is that the assimilation scheme is one assimilation
step behind in propagation of the state, and the perfor-
mance of the scheme is limited. The limitation can be
considerably reduced by making the assimilation time step
small compared with the time constant of the modeled
system or by including additional information in the
decision process for the level of forcing of the state
propagation step, for example, appropriately delayed solar
wind data from the Sun-Earth libration point (L1).
[27] The key to the success of the data assimilation

scheme is to have a good estimate of the global forcing
(the activity level, one number from 1 to 10, in this case)
which assures proper global dynamics and to compensate

for its uncertain spatial distribution using data assimilation.
Better results are to be expected in the case of an increased
number of forcing parameters as long as there are enough
measurements to properly constrain them. Smaller tempo-
ral and spatial scales can easily be addressed if appropriate
measurements become available in the future and the
simulations are carried out on finer grids.

4. Results

[28] The truth file was created by running the Coupled
Thermosphere Ionosphere Plasmasphere Electrodynamics
(CTIPE) model [Millward et al., 1996, 2001] for 17 April 2002.
CTIPE includes, in addition to all the modules contained in
CTIM, a physical numerical model of the plasmasphere
and a self-consistent global electrodynamic calculation for
dynamo electric fields. The high-latitude forcing used for
CTIPE is illustrated in Figure 2 (thick line). Activity level 5
corresponds to Kp = 3-- , and level 10 corresponds to Kp =
6-- and above.
[29] CTIPE forcing for this day is based on 1-min ACE

measurements obtained from the Space Environment
Center in Boulder, Colorado, averaged over 12 min and
used to drive the Weimer electric potential model [Weimer,
1995]. Note that CTIM uses the Foster model [Foster et al.,
1986] for high-latitude convection electric fields. The dif-
ference between the models and convection patterns used
in the generation of the truth file and the members of the
ensemble Kalman filter provides for a more realistic test of
the assimilation scheme. Using the same model for the
truth file and assimilation can reduce the RMS error of the
assimilation scheme to 5--6% even when 10% errors are
added to simulated measurements.
[30] The truth file is sampled in an ideal way to provide

measurements of 20% of the state elements (4 � 91 = 364
state values) every assimilation step (12 min). The obser-
vations are in four constant longitude (local time) sectors
and cover all latitudes. An entirely different set of state
elements is observed every assimilation step (except for
the poles, which get four different measurements every
step) until all state elements are observed (60 min), when
the pattern repeats. This is not a physical observing system
and is used only for convenience.
[31] A white noise component obtained from a random

number generator with 0 mean and 0.1 standard deviation
(about 10% of the mean value of the state variable) is
added to each truth file value before it is used in the data
assimilation procedure. One of the results of adding noise
to the truth values is that the state of the pole values in the
entKF is always the result of assimilating four measure-
ments that can be widely different at times.
[32] The initial state of the filter is generated using a

constant value. The large RMS error of over 25% of the
initial state is intentional as we were interested in testing
the convergence speed of the filter for different values of
the filter parameters.
[33] Figure 2 (thin line) shows the forcing used in the

propagation of the state by the Kalman filter. The filter
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forcing is not part of the state and was inferred outside of
the Kalman filter on the basis of the assimilated state as
described in section 3. The limitations of our simple
procedure to derive the forcing used in the state propaga-
tion are obvious in Figure 2 since the derived activity level
is not following the truth activity level very well. We plan
to discuss the optimization of the forcing for the state
propagation in a future paper.
[34] Figure 3 shows the evolution of the global RMS

difference between the assimilated state and the truth file
for 17 April 2001. The large drop in RMS in the first few
assimilation steps is due to the large error associated with
the initial condition and to a larger representation error
assigned to the model for the first 10 assimilation steps.
The RMS difference increases slightly with the external
forcing but stays below 14% for the entire simulation of
this geomagnetically disturbed period.
[35] Figure 4 illustrates the truth generated by the CTIPE

model run (top), the assimilated state produced by the
entKF (middle), and the difference (error) between the two
(bottom), immediately following the first data assimilation
step. The changes produced by the assimilation procedure
are easy to identify. The error of the initial state (around
25%) is reduced to about 10%.
[36] Figure 5 is similar to Figure 4 but for 0200 UT,

corresponding to 17 hours of data assimilation. Figure 6

corresponds to 1200 UT, after 24 hours of data assimila-
tion. The presence of a persistent region of large errors
in the southern midlatitudes (Figures 5 and 6) is due to
the inability of the CTIM model used in the propagation
of the state in the entKF to capture some dynamical
features produced by the more sophisticated CTIPE
model used to generate the truth file. The propagation
model (CTIM) does not propagate the corrected state
and, in fact, wipes out the result of the assimilation
because it cannot reproduce the dynamics of the model
that produced the truth file. This is, to some extent,
always the case for real systems, as the models are
simplifications of reality.

5. Conclusions

[37] We described results from the application of an
ensemble Kalman filter data assimilation technique to a
strongly forced system, using a 10-member ensemble. The
estimated state is the global O to N2 ratio evaluated on a 2�
by 18� grid of the externally forced thermosphere iono-
sphere system. In the case of strong external forcing, the
necessity of randomly perturbing the initial condition of
the members is replaced by the need to force the members
in a way that reflects the possible future evolution of the
system.

Figure 2. Forcing for the CTIPE model used to generate the ‘‘truth’’ file used in the ensemble
Kalman filter data assimilation scheme (thick line). The forcing is based on 1-min ACE
measurements obtained from the Space Environment Center in Boulder, Colorado, averaged over
12 min and used to drive the Weimer electric potential model [Weimer, 1995]. Activity level 4
corresponds to a cross--polar cap potential (CPCP) of 41 kV, while activity level 10 corresponds to
CPCP of over 100 kV [Foster et al., 1986]. Forcing is estimated from the results of the entKF (thin
line). The estimating procedure is external to the entKF and has not been tuned for this example.
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[38] Our results demonstrate that an ensemble of 10
members is able to characterize the state covariance matrix
with sufficient fidelity to enable the Kalman filter to
operate in a stable mode. The RMS difference of the
estimated O to N2 ratio is less then 14% over the simulation
period that includes a geomagnetic storm.

[39] Using the results of the entKF, we were able to
extract information about the external, large-scale forcing
of the thermosphere ionosphere system. Our algorithm to
estimate the forcing is external to the entKF, very simple,
and far from optimal. The general trend of the forcing was
followed by the filter, but departures were also present

Figure 3. Global RMS difference between the entKF estimated state and the truth file versus time
(thick line) and truth file run forcing (thin line).

Figure 4. Global snapshot of height-integrated O to N2 ratio calculated as in the study by
Strickland et al. [1995], immediately following the first data assimilation step (after 12 min of data
assimilation): (top) truth, (middle) the assimilated state, and (bottom) the RMS difference between
the two.
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Figure 5. Same as Figure 4 but after 17 hours of data assimilation.

Figure 6. Same as Figure 4 but after 24 hours of data assimilation.
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over some periods. There are several ways to dramatically
improve the estimate of the external forcing. One such way
would be to include properly delayed solar wind data from
L1 in the decision making for the forcing of the propaga-
tion step.
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