
1. Introduction
More studies on data-guided forecasting of the upper atmosphere (thermosphere-ionosphere) are conduct-
ed during the past decade than any other time (e.g., Chartier et al., 2016; Codrescu et al., 2018; Elvidge 
et al., 2016; Hsu et al., 2014; Lee et al., 2012; Sutton, 2018, and references therein). Yet the major thematic 
issues with forecasting the upper atmosphere remain a scientific, computing and resource challenge. These 
challenges include, for example, scientific—the problem of physics of the thermosphere-ionosphere system 
being not fully understood; computing—the problem of developing computationally efficient, operationally 
viable, and high-accuracy output feedback (nowcast/forecast) assimilation algorithms; and resource—the 
problem of scarcity of impactful measurements of the system. The forecasting capabilities of the current 
models of the upper atmosphere are limited and often fall short of precision application requirements such 
as satellite orbit and space weather prediction (e.g., National Research Council, 2013; Mehta et al., 2018; 
Sutton,  2018). In physics-based models, this mainly translates into a problem of forecasting the upper 
atmospheric drivers (solar and geomagnetic activity, and forcing from the lower atmosphere) and—to a 
lesser extent, an initial value problem due to the significant internal chemistry and dynamics (Pedatella 
et al., 2018, and references therein). Data assimilation techniques represent a possible pathway to address 
these challenges and improve both forecasting accuracy and lead-time.

Data-guided forecasting refers to the process of computing the best possible estimate of the state of the 
system using data along with a numerical prediction of the model state. Lee et  al.  (2012) and Matsuo 
et al. (2013) demonstrated early success in affecting the model state in thermosphere-ionosphere-electro-
dynamics general circulation model (TIE-GCM; Richmond et al., 1992) through an ensemble Kalman fil-
ter-based (EnKF) data assimilation technique (Evensen, 1994). The EnKF, compared to the traditional Kal-
man filter (KF; Kalman, 1960) allows one to bypass some of the limitations that are usually associated with 
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a large complex nonlinear model such as TIE-GCM (see Evensen, 1994, and references therein). The EnKF 
is a stochastic Monte-Carlo approximation of the solution to the KF. EnKF algorithms can be designed to 
gain significant computational efficiency for a given large geophysical model by representing model error 
covariance through a sample covariance computed from a series (ensemble) of model runs. This computa-
tional efficiency is partly due to the fact that the size of the model error covariance matrix in EnKF depends 
on the size of the ensemble and not the size of the model dimensions (e.g., grid space, variables).

A number of other variants of KF-based assimilation techniques and other inductive/deductive techniques, 
such as three-/four-dimensional variational analysis and optimal interpolation exist (e.g., Daley,  1993; 
Kalnay, 2002), and have been applied in upper atmospheric data assimilation experiments. For example, 
Mehta et al. (2018) proposed a reduced order model (ROM) data assimilation framework for neutral mass 
density (ρ) based on the proper orthogonal decomposition dimensionality reduction technique using TIE-
GCM as the base model. A key advantage of the ROM with data assimilation is the reduced computational 
burden while maintaining the model performance in the absence of data (Mehta et al., 2018). The ROMs 
usually require training with data that span long periods (e.g., solar cycle) and inherit some of the limi-
tations of the base model (e.g., systematic biases, unmodeled dynamics). The accuracy of the forecasts in 
the ROM framework is also dependent on the accuracy of the forecasts of the upper atmospheric drivers. 
Sutton (2018) proposed a data assimilation framework for TIE-GCM based on a compact variational tech-
nique where the geophysical indices F10.7 solar flux and Kp (hereinafter GPIs) are estimated iteratively, and 
the model is iteratively run until data-model convergence is achieved with these newly estimated driver 
parameters. This approach recognizes the importance of the drivers represented by the GPIs and preserves 
the self-consistency of the model by not artificially modifying the internal state of the model. While the 
results in these studies show promise, the results also convey that applying these techniques to forecast the 
ionosphere-thermosphere system is not necessarily simplistic.

Globally abundant radio occultation (RO)-derived electron density (Ne) is one of the most promising means 
to test the effect of assimilation on the model forecasted state on a global scale. This work is presented as 
an extension to Lee et al. (2012); Matsuo et al. (2013), and Hsu et al. (2014). The data assimilation experi-
ments presented in this work use Ne profiles from the joint USA-Taiwan Constellation Observing System for 
Meteorology, Ionosphere, and Climate/Formosa Satellite 3 (COSMIC/FORMOSAT-3; hereinafter COSMIC) 
mission. Lee et al. (2012) using COSMIC-Ne profiles and Hsu et al. (2014) and Matsuo et al. (2013) using 
synthetic COSMIC data showed that EnKF-based assimilation schemes can effectively adjust TIE-GCM 
to be more consistent with data. They focused on assimilating over a period of 24 h under solar minimum 
conditions. Hsu, Matsuo, and Liu (2018) and Hsu, Matsuo, Yue, et al. (2018) presented observing system 
simulation experiments (OSSEs) of assimilation of synthetic data that represent both COSMIC and the fol-
low-on mission COSMIC-2. Although OSSE results from Hsu, Matsuo, and Liu (2018) covered 1 day each 
in 2009 and 2013, the model ensembles for both these periods were drawn from similar solar activity levels.

In contrast to previous similar experiments, the main focus of this work is to investigate the impact of solar 
activity on the assimilation of COSMIC-Ne into TIE-GCM. This is accomplished with publicly available data 
with their typical noise and inhomogeneous spatiotemporal distribution as opposed to synthetic data whose 
error distribution is usually fitted to a Gaussian distribution. This work also seeks to understand the impact 
of assimilation of COSMIC-Ne on neutral mass density in the thermosphere. The present work investigates 
the impact of the assimilation by altitude, latitude, and local time, and provides detailed statistics of the 
performance of the forecast and analysis states.

2. Data and Models
This study assimilates COSMIC-Ne profiles into TIE-GCM and validates the assimilation results using 
RO-derived electron density profiles from the Gravity Recovery and Climate Experiment (GRACE) mis-
sion. The GPS RO events with the satellites in these two missions enable the derivation of their respective 
electron density profiles. The number of successful RO events is proportional to, among others, the number 
of GPS signal transmitters. Tsai et al. (2001) describe the derivation of electron density from RO data. Liu 
et al. (2009) and Yue et al. (2010) discuss the errors in the retrieval of electron density from RO data. Some 
studies report errors between 10% and 20% for COSMIC-Ne compared to ground measurements of electron 
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density in the F-region (e.g., Pedatella et al., 2015; Yue et al., 2014). Liu et al. (2010) using OSSEs show that 
the errors in the RO-derived electron density could be as large as 100% in lower altitudes (below 200 km). 
These errors are mainly attributed to the assumption of spherical symmetry in the Abel inversion technique 
(see Liu et al., 2010; Pedatella et al., 2015, and references therein). Habarulema et al. (2014) show that dif-
ferent ionospheric parameters from RO-derived COSMIC and GRACE data correlate well with ionosonde 
measurements for 2008, which belongs to one of the periods investigated in this work. The COSMIC Data 
Analysis and Archive Center (website: <cosmic.ucar.edu>) disseminates the level-2 post-processed GRACE 
and COSMIC electron density profiles used in this work. The supporting information includes an additional 
validation using in-situ electron density measurements from CHAllenging Minisatellite Payload (CHAMP; 
product identifier: CH-ME-2-PLPT).

The ensemble adjustment KF (EAKF)-based assimilation algorithm described in Anderson (2001) and im-
plemented in the Data Assimilation Research Testbed-classic (DART; Anderson et al., 2009) is used to as-
similate the data into TIE-GCM. Briefly, the EAKF is a deterministic method to compute the KF solution for 
a nonlinear forecast model (Anderson, 2001). The EAKF provides a relatively easy mechanism to assimilate 
observations into TIE-GCM to estimate the impact of the observations on the model state. Similar to the 
EnKF, EAKF uses sample statistics (means and covariances) from the prior ensemble of model states to 
calculate the posterior probability distributions. The probability distribution prior to the assimilation of 
data is referred to as the prior. The posterior is the probability distribution of the prior distribution updated 
with observations. Unlike the EnKF, the EAKF does not add noise from a sample of perturbed observations 
but applies the linear operator described in Anderson (2001) to update the prior ensemble of model states 
that yield theoretically consistent means and covariances. The EAKF uses the fifth order piecewise rational 
function described in Gaspari and Cohn (1999, Section 4c) to multiply the covariances between prior state 
vector and observations in order to constrain the spatial region of the impact of the observation on the mod-
el state. The text below refers to this parameter as the correlation function. Houtekamer and Mitchell (2001) 
provide a description of this spatial smoothing of the analysis increments in the context of atmospheric data 
assimilation, which is also the form adapted in the EAKF algorithm. The next section describes the specifics 
of the configuration and parameter settings used with the EAKF.

TIE-GCM is a well-established, physics-based, self-consistent model of the thermosphere-ionosphere sys-
tem that uses a finite differencing technique to discretize the numerical solutions for the conservation of 
mass, energy, and momentum (e.g., Maute, 2017; Qian et al., 2014). TIE-GCM version 2.0 (released on 21 
March 2016) with a model time-step of 30 s has been integrated into DART to perform the experiments pre-
sented here. The website www.hao.ucar.edu/modeling/tgcm provides more details about the open-source 
TIE-GCM code.

This study uses TIE-GCM with 5° × 5° and 0.5 scale-height resolutions in the horizontal (latitude and longi-
tude) and vertical, respectively. The scale-height in the hydrostatic atmosphere assumed in TIE-GCM is the 
altitudinal difference as a result of change in air pressure by a factor of 1/e, where e is the Euler's number 
(approximately 2.71828). In this configuration, TIE-GCM has 29 constant pressure surface layers that ex-
tend from approximately 97 to 600 km in altitude—the limit on upper boundary primarily depends on the 
level of solar activity. In the model runs presented here, the EUVAC (extreme ultraviolet flux model for aero-
nomic calculations) empirical solar proxy model (see Richards et al., 1994; Solomon & Qian, 2005) provides 
the solar irradiance input for TIE-GCM via the average of daily F10.7 and its running 81-day centered mean 

10.7F . Heelis et al. (1982) ion convection model, and the Roble and Ridley (1987) auroral particle precipita-
tion scheme specify the high latitude mean-energy, energy flux, and electric potential. Heelis et al. (1982) 
ion convection model uses the Kp index to estimate the hemisphere power and cross-polar-cap potential 
drop, which are required to determine the high latitude energy and momentum. The inbuilt wind dynamo 
calculates the electric potential for low and middle latitudes (see Richmond et al., 1992; Richmond, 1995). 
The Hagan et al. (2001) global scale wave model (GSWM) specifies the tidal forcing from the lower atmos-
phere through numerically derived migrating diurnal and semidiurnal tides at the lower boundary of TIE-
GCM. This tidal forcing adds perturbations to, among others, the zonal mean values of neutral temperature 
and horizontal winds at the lower boundary, which are otherwise held fixed at 181 K and 0 m/s, respec-
tively. The model runs presented here also adds day-of-year dependent perturbations to the advective and 
diffusive transport via the eddy diffusion coefficient as described in Qian et al. (2009).
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3. Method
3.1. Data Assimilation Experiments

The following experiments are presented here to analyze the ability of the 
assimilation technique to guide TIE-GCM with realistic data:

E1 Assimilate COSMIC-Ne during solar minimum (4–8 March 2008); and

E2 Assimilate COSMIC-Ne during solar maximum (2–6 June 2014).

Assimilation of data during each period starts at 1 UT and ends at 0 UT 
on the respective days. The periods in 2008 and 2014 are selected to test 
the effectiveness of the assimilation during relatively low and high so-
lar activity periods, respectively. The other criterion applied in selecting 
these periods is that they be relatively quiet (e.g., Kp < 4) in geomagnetic 
activity.

Figures 1a and 1b present the F10.7 solar flux, 3-h ap, Kp, and Dst indices 
to illustrate the space weather conditions during E1 and E2, respectively. 
The geomagnetic activity indicated by ap, Kp, and Dst during both as-
similation periods is largely quiet (e.g., Kp < 4). The solar activity during 
E2 (June 2014) is higher than that of E1 (March 2008) and appears to be 
steady with no large changes during both periods. The two periods pro-
vide an opportunity to compare the assimilation results at vastly different 
solar activity levels.

The assimilation window for both experiments E1 and E2 is 1 h. The spa-
tial and local time coverage of COSMIC observations, as well as the num-
ber of observations in each assimilation window varies through the as-
similation period and between experiments. The uncertainty of COSMIC 
observations is specified as a function of magnetic latitude, local time, 
and altitude based on Liu et al. (2010) and Yue et al. (2010). The support-
ing information provides the uncertainty percentages used in this study. 
Sections  3.2–3.5 provide other details pertinent to this study including 
assimilation control parameters, performance metrics, and limitations of 
the experiments.

3.2. Kalman Filter State Vector and Configuration of the 
Ensemble

The EAKF state vector x for the experiments in this work is composed of,

  
 OO O 2[ ; ; ; ; ; ; ],Tn U V Nex ψ ψ ψ ψ ψ ψ ψ 

where Tn, O, O+, O2, U, V, and Ne represent the neutral temperature (K), atomic oxygen (γ [mass mixing ra-
tio]), atomic oxygen ion (γ), molecular oxygen (γ), zonal (east-west) wind (m⋅s−1), meridional (north-south) 
wind (m⋅s−1), and electron number density (cm−3), respectively. ψ denotes the full vector of the respective 
prognostic variable over the entire model space. Although the size of the assimilating observation vector 
may change in size with time, the size of x is constant. The mass mixing ratio γ of the major species is ob-
tained with the assumption of γN2 = 1 − (γO + γO2 + γHe), thus affecting also the O/N2 in x. At the upper 
boundary of TIE-GCM, γO and γO2 are in diffusive equilibrium. At the lower boundary of TIE-GCM, the 
vertical gradient of O is zero and the sum of mass mixing ratios of O and O2 is 0.23 (Dickinson et al., 1984).

The thermosphere is driven by external heat and momentum sources, which are primarily characterized 
in TIE-GCM by the GPIs F10.7 solar flux and Kp. The model error growth in EAKF is represented by the 
degree of spread among the ensemble of model states. If the GPIs are held constant then the probability 
distribution represented by the ensemble have no means of characterizing the effects of driver uncertainty 

KODIKARA ET AL.

10.1029/2020SW002660

4 of 28

Figure 1. Space weather conditions for (a) March 2–8, 2008 and (b) May 
31–June 6, 2014 demonstrated via F10.7 solar flux, 3-h ap, and the Dst 
indices. The corresponding Kp values are overlaid on ap and marked in 
orange. Source: OMNI data available on omniweb.gsfc.nasa.gov.
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on the model error growth (Codrescu et al., 2018; Matsuo et al., 2013). Therefore, to aid the characterization 
of model error growth, the ensemble members for all experiments are generated by perturbing the primary 
forcing parameter d for each ensemble member m, where

( ) ( ) ( ) ( )
10.7 10.7[ , , ].m m m mF F Kpd 

10.7 10.7,F F , and Kp for d are sampled from a normal distribution as follows:

 

where μ is the mean and σ2 is the variance of the respective distributions. The knowledge of the background 
GPIs for the respective periods in E1 and E2 determined the width of the d distributions. See Figure S1 for 
specific details of these distributions along with their respective statistics. The experiment assigns a nonre-
peating combination of forcing parameters that makes up d to each ensemble member. This combination is 
fixed per m for the entire assimilation period.

3.3. Assimilation Parameters

The specifics of the DART configuration and parameter settings used here are as follows:

1.  The ensemble size is 90 for each experiment;
2.  The model error covariance is localized using the Gaspari and Cohn (1999) correlation function with a 

half-width of 0.2 radians horizontally;
3.  The vertical localization height is 40 km;
4.  The outlier threshold for observations is three SDs from the prior ensemble mean;
5.  The assimilation window is 3600 s—centered at the current model time;
6.  Spatially varying state space inflation is applied to the prior state before observations are assimilated 

with initial inflation, inflation SD, and inflation damping set equal to 1.02, 0.6, and 0.9, respectively;
7.  The minimum Ne is 1000 cm−3;
8.  The lower bound of the temperature is 100 K; and
9.  The γO and γO2 have cutoff limits at zero and one.

A 90-member ensemble is common among other similar experiments with DART/TIE-GCM as it provides 
a reasonable balance between computational load and ensemble spread (e.g., Lee et  al.,  2012; Matsuo 
et al., 2013; Hsu et al., 2014). The half-width value for the Gaspari and Cohn (1999) correlation function 
used in this study is similar to Matsuo et al. (2013) and Hsu et al. (2014). Chartier et al. (2016) considering 
the effect on total electron content (TEC) over the continental USA showed no appreciable difference be-
tween the use of localization half-width radii 0.2, 0.5, and 1.0 radians under geomagnetically quiet times. 
While Chartier et al. (2016) and Hsu et al. (2014) used no vertical localization, Matsuo et al. (2013) used a 
vertical localization height of 200 km in their experiment with synthetic data. In this context, the sensitiv-
ity of the different vertical localization heights is yet to be studied. The experiments in this study discard 
COSMIC-Ne values less than 1000 cm−3 and any value outside the abovementioned outlier threshold during 
the assimilation. The abovementioned spatially varying state space inflation values are thus specified on an 
ad-hoc basis following the recommendation in DART documentation for large geophysical models.

3.4. Model Runs and Evaluation Metrics

This study uses two states from each of the assimilation experiments: analysis xa and forecast xf. The mean 
of the updated/posterior ensemble is referred to as the analysis state and the mean of the prior ensemble is 
referred to as the forecast state. The study assesses the assimilation results using these analyses and forecast 
states. As the assimilation window is centered at the current model time, it includes observations between 
±30 min. Each forecast cycle projects the model forward by 1 h, and thus we refer to these forecasts as 
1 h forecasts following the typical nomenclature (e.g., Chartier et al., 2016). The forecast run has no prior 
observations influencing the ensemble at the beginning of the experiment. However, the analysis run at 
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the beginning of the experiment (e.g., 1 UT on 4 March 2008 for E1) is updated with observations within 
the assimilation window. As the assimilation progresses, the forecast run uses the analysis state from the 
previous assimilation cycle to compute the expected state at the current assimilation cycle. For example, the 
forecast state at 2 UT used the analysis state at 1 UT as the initial conditions to drive the model forward by 
1 h. In other words, the experiments do not assess the persistence of individual forecasts longer than 1 h.

The study also compares the results from the experiments with two other nonassimilation model runs: 
TIE-GCM control xc and Evaluation-No Assimilation (hereinafter Eval-NA) xNA. The observed GPIs for the 
respective periods in E1 and E2 are used to drive TIE-GCM to obtain the control state, which is sometimes 
referred to as GPI-driven TIE-GCM in the text. The initial conditions and background external forcing of 
Eval-NA runs are identical to that of the assimilation runs and reveals the direct impact of the assimilation 
of data relative to the background model. In short, Eval-NA is similar to analysis but without assimilation. 
All model runs including the TIE-GCM control and ensemble members are primed with a “spin-up” period 
of 15 days.

This study employs the following metrics to accomplish its objectives: root-mean-square error (RMSE), 
Pearson correlation coefficient, SD, model bias, percentage deviation of one distribution from another, and 
logarithm ratio of neutral mass density. The RMSE is computed as,

 


  
2

1

1RMSE Obs Mod ,
N

i i
iN

 (1)

where N is the total number of observations, and Obs and Mod denote the observation and model estimate 
of the prognostic/diagnostic variable (e.g., Ne), respectively. The study defines model bias B as follows:

 B Mod Obs. (2)

In the following sections, Mod in Equations 1 and 2 is represented by either xc, xa, xf, or xNA as applicable.

The GPI-driven TIE-GCM control run is arguably the best estimate of the model without data assimilation. 
Therefore, the study uses the percentage change in RMSE of assimilation runs relative to the RMSE of TIE-
GCM control run as a metric to indicate the benefit of data assimilation. Here, the percentage change in 
RMSE is defined as follows:


RMSE RMSE

RMSE
100,

c

c
x x

x
 

where RMSE
cx  is the RMSE of TIE-GCM control run and xRMSE is replaced by the RMSE from either analysis 

or forecast as applicable. The study also uses the difference between the standard deviations of model esti-
mates and COSMIC data (|σM − σC|) as a metric to indicate the impact of the assimilation in adjusting the 
model variability. Here, σM is represented by the SD of either TIE-GCM control run, analysis, or forecast as 
applicable. In these model-data comparisons, the model estimate is linearly interpolated to the observation 
location, first along the latitude and longitude and then to the altitude.

As per Emmert and Picone (2010), the study evaluates the changes to the neutral mass density ρ in the nat-

ural logarithm (ln) space. The logarithm ratio 



 
 
 
 

,

NAln
a fx

x
 between the assimilation runs and nonassimilation 

run provides a direct measure of the scale of the impact of the assimilation of COSMIC-Ne on neutral mass 
density.

3.5. Limitations of the Experiments

This section highlights some limitations to consider with the results presented in this work. The assimi-
lation scheme requires prior knowledge of the observation error variance. The imprecise and incomplete 
knowledge about the errors in the assimilating data (see Section 2) limits the accuracy of the observation 
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error variance. The experiments use data that may not be available in 
near real-time, and thus the experiments are not entirely reflective of the 
performance of a true operational forecasting system.

Another limitation of the experiments is due to spurious correlations. The 
state vector x for the EAKF may generate spurious strong correlations 
between observations and model variables (e.g., winds, temperature, and 
composition). Spurious correlations occur, for example, as a result of long 
spatial distances between observation and model variable—spatially re-
mote observations, and due to certain model variables being physically 
unrelated to the observation (Anderson,  2001). Spurious correlations 
between observations and physically unrelated model variables may be 
generated from limitations of the ensemble size, which is much less than 
the size of the state vector (Anderson, 2001). The size of the observation 
vector in the two experiments is also much smaller than the size of the 
state vector—an underdetermined system.

The correlation function partly addresses the problem of spurious corre-
lations due to remote observations. In the experiments presented here, 
the correlation function shifts the impact of the observation from a max-
imum at the observation location to zero at a specified cutoff distance 
following an approximation of a Gaussian curve. A subset of TIE-GCM 
prognostic variables/fields is handpicked to address the problem of spuri-
ous correlations between observations and physically unrelated variables. 
The selected variables, which are known to be strongly correlated with 
mutual physical relationships forms the EAKF state vector. The assimila-
tion scheme updates x per these correlations in each assimilation cycle. 
Lee et  al.  (2012), Matsuo et  al.  (2013), Hsu et  al.  (2014), and Chartier 
et al. (2016) presented results from different combinations of prognostic 
variables in the state vector. Overall, they demonstrated that inferring the 
dynamical state of both ionosphere and thermosphere is improved by in-
cluding thermosphere-ionosphere coupling parameters such as electron 
density, temperature, winds, and composition in the state vector. The 
EAKF state vector x selected for this study is analogous to the superi-
or-performing state vector in Hsu et al. (2014).

The geometric height in TIE-GCM is calculated using an empirical for-
mulation relating spatially varying gravity with temperature and com-
position (Qian et al.,  2014). This study interpolates model estimates to 
observation locations contingent on this geometric height. As the native 
vertical coordinate system in TIE-GCM is based on atmospheric pres-
sure, a similar height conversion is done when assimilating COSMIC-Ne 
profiles into the model as COSMIC-Ne profiles do not include measured 
atmospheric pressure. These height uncertainties are further accentuat-
ed at higher altitudes as the conversion to geometric height expands the 

vertical resolution at higher altitudes between consecutive pressure layers. In other words, near the lower 
boundary, pressure levels converted to geometric height have a resolution of about 3 km, but pressure levels 
around 300-km altitude typically have a resolution greater than 30 km. The uncertainties introduced by this 
back-and-forth height conversion require further investigation.

4. COSMIC-Guided Ionosphere During Solar Minimum and Solar Maximum
4.1. Impact of the Assimilation by Local Time

Figure 2 shows the RMSE for E1 relative to COSMIC-Ne observations at six different altitude regions with 
a width of 50 km extending from 150 to 450 km. Figure 2 gives the RMSE as a function of local time (LT) 
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Figure 2. (a–f; left) The root mean square error (RMSE) of electron 
density (Ne) of the physics-based model TIE-GCM (gray), Eval-NA 
(Evaluation-No Assimilation; blue-dotted), forecast (orange), and analysis 
(blue) relative to COSMIC-Ne in the specified altitude region for the 
experiment E1. The results are grouped by local time of COSMIC data and 
represent the global mean. (a–f; right) The percentage of assimilated over 
total COSMIC-Ne observations in each LT-hour bin (green). The vertical 
scales are different in each panel. See Figures S2–S4 for results separated 
into different latitude regions.
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for the global-mean of Ne in states xc control run (TIE-GCM; gray), xNA (Eval-NA; blue-dotted), xf (Forecast; 
orange), and xa (Analysis; blue) at the assimilated COSMIC-Ne locations in the specified altitude region—
computed as per Equation 1. The number of data points averaged in each altitude region per hour is not uni-
form and varies in local time. The right hand side ordinate gives the percentage of assimilated COSMIC-Ne 
observations out of the total available COSMIC-Ne observations (green). The results in Figure 2 thus only 
provide a relative indication of the impact of the assimilation. In other words, the RMSE shown in Figure 2 
does not represent the globally averaged values across all local times with equal weight. As mentioned 
above, xf is a 1-h forecast. Therefore, the forecast run has no prior observations influencing the ensemble 
at 1 UT on 4 March 2008. However, the analysis run at 1 UT on 4 March 2008 is updated with observations 
within the assimilation window. As the assimilation progresses, the forecast run uses the analysis state from 
the previous assimilation cycle to compute the expected state of the current assimilation cycle. For example, 
the forecast state at 2 UT used the analysis state at 1 UT as the initial conditions to drive the model forward 
by 1 h.

Several notable features of the evolution of the RMSE are present in Figure 2. As expected, the analysis 
state is mostly closer to COSMIC-Ne compared to the rest of the model runs across all six-altitude regions 
as indicated by the low RMSE values for the analysis run in Figure 2. This indicates the capability of the 
assimilation scheme to significantly impact the model state through assimilation of COSMIC-Ne. Figure 2 
shows that the RMSEs for E1-analysis run, in general, are significantly lower than that of both TIE-GCM 
and Eval-NA during the daytime (06–18:00) in altitudes above 200 km.

Figure 2 indicates two RMSE-peaks for TIE-GCM: one around 6–8:00 and the other around 14:00. The larg-
est RMSE values for both TIE-GCM and Eval-NA in multiple altitude regions in Figure 2 occur at 14:00. The 
RMSE-peaks for both TIE-GCM and Eval-NA at 14:00 are significantly higher than the respective peaks in 
the morning in altitudes above 250 km. The peak RMSEs for TIE-GCM, Eval-NA, and forecast in altitudes 
above 250 km are more than twice that of in altitudes below 250 km. Although the second peak around 
14:00 is more pronounced for TIE-GCM, Eval-NA, and forecast in altitudes above 250 km, this signature of 
an increased RMSE around 14:00 is also clear for the analysis run. This RMSE-peak signifies a persistent 
model error against COSMIC data at this local time.

Figures 2a–2e show that the difference between Eval-NA and analysis is significantly larger during the day-
time compared to that of night-time in altitudes above 200 km. The RMSE statistics here could be skewed 
due to the lack of assimilated observations during the nighttime compared to the daytime. Figure 2 indi-
cates that the impact of the E1 assimilation is greater during the daytime in altitudes above 200 km. In gen-
eral, the RMSEs for the forecast and analysis nearly follow each other except approximately between 12:00 
and 15:00 in the 200–350-km altitude range (Figures 2c–2e). This indicates that in addition to the impact 
of the assimilation being greater in altitudes above 200 km for E1, the other forcing in the self-consistent 
model affecting the forecast step—leading to an increase in data-model bias, is also significant in these alti-
tudes (which includes the ionosphere F-region). In other words, the forecast tend to evolve more toward the 
background model during 12–15:00 in the 200–350-km altitude range than at other times.

TIE-GCM's RMSE-peak at 6:00 is mostly suppressed in the forecast and analysis in the 200–250-km alti-
tude range in Figure 2e. The number of COSMIC observations in this LT-hour bin is about 230. In higher 
altitudes (Figures 2a–2d), the number of assimilated COSMIC observations at 6:00 is less than that of in 
Figure 2e, and interestingly, the difference between TIE-GCM and the assimilation runs is also less than 
that of in Figure 2e. Figure 2 does not suggest a visible direct correlation between the number of assimilat-
ed observations and model performance but rather a local time dependent complex relationship between 
the two. Figure 2 suggests that more data are assimilated during the daytime compared to the nighttime 
(18:00–6:00). Figure 2 reveals that the Ne estimates from TIE-GCM with no help from data assimilation 
seem to agree well with COSMIC data during 18:00–4:00. Figure 2 also shows that, in general, the forecast 
and analysis are improved relative to both TIE-GCM control run and Eval-NA.

The presentation in Figure 3 is similar to Figure 2 except for E2, which focuses on the impact of assim-
ilating COSMIC-Ne during solar maximum (2–6 June 2014). As expected, the analysis state is closer to 
COSMIC-Ne compared to the Eval-NA, forecast, and TIE-GCM across all six-altitude regions specified in 
Figure 3. Figure 3 shows that the E2-analysis run, in general, have significantly lower RMSE values than 
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that of TIE-GCM. Figure 3 also shows that the forecast run is not signifi-
cantly different from both Eval-NA and TIE-GCM.

Figure 3 shows two prominent RMSE-peaks each for TIE-GCM, Eval-NA, 
and forecast around 10:00 and 15:00 LT in altitudes above 250 km. Such a 
local time dependent peak in RMSE is visible for the analysis run but not 
as significant as for the rest of the model runs. The forecast in the 250–
450-km altitude range (Figures 3a–3d) is similar to Eval-NA, and their 
peak RMSE values are generally higher than that of TIE-GCM except in 
the 400–450-km altitude range.

TIE-GCM has a single pronounced RMSE-peak between 10:00 and 12:00 
at the 200–250-km altitude range in Figure  3e, which is significantly 
higher than the highest RMSE for analysis and forecast in this altitude 
range. The forecast shows three prominent spikes in RMSE in Figure 3e. 
Both analysis and forecast share a pronounced RMSE-peak at 10:00 at the 
150–200-km altitude range in Figure 3f. This may be due to the signifi-
cant drop in the number of data points at 10:00. The range of RMSEs for 
the forecast, however, in the lower altitudes in Figures 3e and 3f is con-
siderably lower than that in the higher altitudes. In Figure 3, TIE-GCM, 
Eval-NA, and forecast generally has lower RMSEs during nighttime com-
pared to daytime but appears to be clearly separated from the analysis. A 
persistent minor peak in RMSE is apparent for TIE-GCM, Eval-NA, and 
forecast between 21:00 and 22:00 in altitudes above 250 km.

The E2-forecast in Figure 3 is not significantly different from that of Eval-
NA in the 250–450-km altitude range. Figure 3 suggests that the impact 
of the assimilation on E2-forecast is marginal during daytime despite the 
relatively large number of observations assimilated during daytime. Al-
though the number of assimilated observations per LT-hour is compara-
ble between E1 and E2 (assimilated percentage marked in green in Fig-
ures 2 and 3), the number of assimilated observations is slightly higher 
for E2 (E1) in altitudes above (below) 250 km. The number of assimilated 
COSMIC profiles varies significantly also by latitude. Therefore, for com-
pleteness, Figures S2–S7 provide similar comparisons for different lati-
tude regions. The main differences between the assimilation runs (both 
forecast and analysis), and Eval-NA and TIE-GCM that are present in 
Figures 2 and 3 are, in general, similar in different latitude regions (see 
Figures S2–S7), but these will be discussed in detail later.

4.2. Impact of the Assimilation by Altitude and Latitude

The comparison in Figure  4 supports Figures  2 and  3, and provides a more holistic view of the results 
from E1 (left column) and E2 (right column). The legend provided in Figure 4a applies also to panel 4d. 
Figures 4a and 4d show the vertical profiles of globally averaged electron density (COSMIC observations: 
green, Analysis: blue, Forecast: orange, TIE-GCM: gray) at the daytime sector defined here as between 06:00 
and 18:00 LT. The resolution of the vertical profiles is 10 km, which corresponds to the vertical resolution of 
COSMIC data used in the assimilation. Figures 4a and 4d show that the assimilation of COSMIC-Ne seem to 
have a considerable impact on the model in altitudes above 250 km. The lack of impact below 250 km may 
be due to the large error specification at these altitudes, which could perhaps be mitigated by assimilating 
the raw slant TEC along the RO ray path. The E1- and E2-analysis runs are clearly separated from both the 
forecast and TIE-GCM, and is closer to the COSMIC-Ne profile in these altitudes above 250 km. In the peak 
electron density region, the E1-forecast is closer to COSMIC observations compared to TIE-GCM in Fig-
ure 4a. In Figure 4b, the E2-forecast is the furthest from COSMIC observations in the 250–350-km altitude 
range. In Figure 4a, the analysis run has corrected the height of the maximum electron density in addition 
to adjusting the magnitude of the electron density.
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Figure 3. Same as Figure 2 except for E2.
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Figure 4. Vertical profiles of electron densities corresponding to the daytime sector in experiments (a) E1 and (d) E2. 
(b, c, e, and f) Statistical summary of the electron densities averaged in 10 km-altitude bins for (left) E1 and (right) E2. 
The geographic latitude regions are defined similar to Figure 8 σC, σT, σA, and σF refer to the SDs (in units of 105 cm−3) 
of COSMIC, TIE-GCM, analysis, and forecast, respectively, considering the collective distribution across all latitudes. (c 
and f) The unit of COSMIC and forecast in the inset is 105 cm−3. The scale and unit of the insets are identical to that of 
their corresponding main figure. The solid line is a linear fit considering the collective distribution, and the black dotted 
line represents the ideal data-model reference.
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The legend provided in Figure 4b applies to the panels 4b,c,e, and 4f. Figures 4b–4c (4e–4f) provide a statis-
tical summary of TIE-GCM, analysis, and forecast in E1 (E2) compared to COSMIC observations. The scale 
and unit of the inset—showing the results for the forecast, are identical to that of its corresponding main 
figure in Figures 4c and 4f. The results in Figures 4b, 4c, 4e, and 4f show the electron densities averaged per 
altitude-bin per latitude region (low: blue triangle, middle: gray cross, high: orange dot). The notations σC, 
σT, σA, and σF refer to the SDs (in units of 105 cm−3) of COSMIC, TIE-GCM, analysis, and forecast, respec-
tively, considering the collective distribution across all altitude-bins (global distribution).

The comparison in Figures 4b–4c clearly demonstrates that the assimilation of COSMIC-Ne in E1 has ad-
justed the range of the spread of electron densities in all three latitude regions—more significantly in the 
analysis than in the forecast. TIE-GCM in E1, in general, overestimates electron densities. In Figure 4e, 
TIE-GCM appears to significantly overestimate electron densities in some parts of the high latitudes and 
slightly underestimate in other parts of the high latitudes—orange dots above and below the dotted line. 
This overestimation is reduced in Figure 4f for both analysis and the forecast. Although the analysis has 
also adjusted the distribution well in middle and low latitudes in Figure 4f, the forecast does not show much 
difference in the middle latitudes and shows only a slight change in the low latitudes compared to TIE-GCM 
in Figure 4e. Considering the difference between the standard deviations of model estimates and COSMIC 
data, |σF − σC| is smaller than |σT − σC| for E1 compared to that of E2—the difference between σF and σT in 
E2 is, however, marginal. σA in both E1 and E2 are similar to σC. This is expected as σA is a function of σC 
and σF in the Bayes’ theorem. This effort of the KF, in general, to minimize the mean square error of the 
estimated quantity is visible across all altitudes and latitude regions.

The presentation in Figure 5 is similar to Figure 4 except for night-time (18:00–06:00 LT). Similar to Fig-
ure  4a, Figure  5a shows no significant impact of the assimilation in altitudes below approximately 250 
km—the scale of the electron density in the two figures are different. The analysis run is clearly separated 
from both the forecast and TIE-GCM, and is closer to the COSMIC-Ne profile in altitudes above 270 km in 
Figure 5a. The forecast begins to separate from TIE-GCM and move closer to the COSMIC-Ne profile in 
altitudes above approximately 300 km. Thus, in the nighttime peak electron density region the assimilation 
runs are clearly separated from TIE-GCM in E1.

E2-forecast for nighttime electron densities in Figure 5d is not significantly different from that of TIE-GCM. 
TIE-GCM control run underestimates electron density for the most part of the profile shown in Figure 5d—
in contrast to TIE-GCM's trend in daytime for E1 and E2, and nighttime for E1. This may indicate the en-
hancement in summer nighttime electron density in data. The E2-analysis is in excellent agreement with 
nighttime COSMIC-Ne profile.

Similar to daytime E1 in Figures 4, Figures 5b–5c demonstrate that the assimilation of COSMIC-Ne has sig-
nificantly adjusted the range of the spread of nighttime electron densities. The σ differences between the E2 
assimilation runs and TIE-GCM control run in Figures 5e–5f are not as large as they are for E1. Figures 5e 
and 5f indicate that the E2-forecast underestimate electron densities in the high latitudes slightly more than 
TIE-GCM.

Table 1 summarizes key statistics of the two experiments. Table 1 provides the Pearson correlation coeffi-
cient Pr, the difference between the standard deviations of model estimates and COSMIC data (|σM − σC|; 
see Section 3.4), and the RMSE for different altitude regions. The quantity |σM − σC| for the analysis and 
forecast indicates the impact of the assimilation in adjusting the spread of their respective electron density 
distributions. A smaller difference in |σM − σC| indicates that the variability of the electron density estimates 
of the model is closer to that of COSMIC data. Table 1 also provides the SD of COSMIC data σC along with 
the percentage of the assimilated data out of the total available COSMIC-Ne observations for each of the 
six-altitude regions used in Figure 2.

Table 1 shows that the assimilation scheme used in this study rejects a large portion of the COSMIC data 
in both E1 and E2 in the 150–200-km altitude range. This large rejection could be due to small model 
spread at these altitudes (see outlier threshold in Section 3.3). In the next altitude region (200–250 km), 
the percentage of assimilated data is significantly higher (41%) for E1 under solar minimum conditions but 
remains low (23%) for E2 under solar maximum conditions. In other altitude regions (250–450 km), this 
percentage of assimilated data is comparable but the overall rejection ratio during E2 is higher than that 
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of E1. |σM − σC| clearly separates the results in Table 1 into two altitude groups: above and below 250 km. 
The |σM − σC| values for analysis and forecast are significantly lower for altitudes above 250 km compared 
to that of altitudes below 250 km. The Pearson correlation coefficients for TIE-GCM control run and the 
assimilation runs are comparable with each other in each altitude region. In general, the Pr is marginally 
stronger for the TIE-GCM control run in E1 and analysis in E2.

Figure 6 shows the geographic latitude and altitude distribution of the model bias (see Equation 2) relative 
to COSMIC-Ne for E1. Figure 6 also shows the variation of the height of maximum Ne in each latitude 
column for COSMIC (solid line) and respective model (dotted line). Here the height of maximum Ne is not 
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Figure 5. Same as Figure 4 except for nighttime.
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provided for any latitude column that has at least one latitude-altitude 
bin with no data. The resolution of the representation in Figure 6 is 5° 
in latitude and 10 km in altitude. The presentation in Figure 7 is similar 
to Figure 6 except for E2. The number of observations available per lat-
itude-altitude bin varies. Figures S8 and S9 show the raw data used in 
the bias calculation along with the number of observations averaged per 
latitude-altitude bin for E1 and E2, respectively.

All four model representations in Figure 6 show good agreement with 
COSMIC-Ne in high southern latitudes as indicated by low model bias in 
latitudes south of approximately 45°S. Figures 6a and 6c show that both 
TIE-GCM and the nonassimilation run Eval-NA have a strong positive 
bias in latitudes north of 45°S and above approximately 200 km altitude. 
Figure 6b shows that the analysis run has significantly reduced the mod-
el bias across all latitudes. The forecast in Figure 6d also shows, in gener-
al, a significant reduction in the model bias compared to TIE-GCM and 
Eval-NA but a larger bias than the analysis especially pronounced in low 
to middle northern latitudes.

All four model representations of the height of maximum Ne show ex-
cellent agreement in latitudes between 30°S and 30°N. In comparison to 
the Eval-NA run in Figures 6c, Figure 6b shows that the analysis run has 
adjusted these heights to be more in line with that of COSMIC in middle 
to high latitudes. The heights of maximum Ne of the forecast in Figure 6d 
are not significantly different from that of Eval-NA. Interestingly, while 
the analysis has significantly reduced the height of maximum Ne from 
that of Eval-NA around 75°S, the forecast has moved this height further 
up.

Figure 7 shows a hemispheric asymmetry in TIE-GCM's model bias in 
altitudes above 200 km relative to COSMIC-Ne. In the northern summer 
hemisphere, TIE-GCM significantly underestimates electron density. 
While the analysis (Figure 7b) has significantly reduced the model bias 
across all latitudes, the forecast (Figure 7d) only shows some moderate 
improvement around the equator. Figure 7b also shows that the analysis 
has significantly adjusted the height of maximum Ne in high southern 
latitudes. In Figure 7b, the analysis seems to overestimate the height of 
maximum Ne in northern summer high latitudes while reducing TIE-
GCM's systematic underestimation of electron density in the region. 
Similar to E1 in Figure 6, the heights of maximum Ne of the forecast in 
Figure 7d are not significantly different from that of Eval-NA.

Table  2 summarizes the percentage change in RMSEs of analysis and 
forecast for both E1 and E2. Section 3.4 describes how the percentage 
change in RMSE is calculated for Table 2. Such percentage changes in 
RMSEs reveal the performance of the assimilation runs compared to the 

TIE-GCM control run, which is not assisted with data assimilation for its electron density estimates. In 
Table 2, the negative (positive) values indicate the percentage by which the RMSE is reduced (increased) in 
the analysis or forecast compared to RMSE

cx . Table 2 summarizes these results for the change in RMSEs by 
four different latitude categories and the six altitude regions used in Figures 2 and 3 considering the entire 
respective periods of E1 and E2. The results in Table 2 correspond to the mean values of the specified alti-
tude-latitude region.

Table 2 highlights that E1 under solar minimum conditions reduces the RMSE of the analysis and fore-
cast except for the forecast in high latitudes in the 150–200-km altitude range. As expected, the RMSE of 
the analysis is reduced much more significantly than that of the forecast. In general, the E1-forecast is 
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E1 (solar minimum) E2 (solar maximum)

TIE-
GCM Analysis Forecast

TIE-
GCM Analysis Forecast

150–200 km σC = 1.27; A = 15.13% σC = 1.55; A = 13.52%

Pr 0.77 0.80 0.80 0.77 0.78 0.77

|σM − σC| 0.51 0.52 0.53 0.55 0.58 0.59

RMSE 0.07 0.04 0.06 0.08 0.04 0.07

200–250 km σC = 2.03; A = 41.00% σC = 2.45; A = 23.21%

Pr 0.76 0.77 0.75 0.74 0.77 0.73

|σM − σC| 0.50 0.60 0.59 0.57 0.68 0.60

RMSE 0.19 0.04 0.09 0.21 0.10 0.17

250–300 km σC = 2.23; A = 39.09% σC = 2.70; A = 31.30%

Pr 0.78 0.75 0.74 0.63 0.65 0.54

|σM − σC| 0.03 0.20 0.18 0.20 0.44 0.18

RMSE 0.42 0.16 0.34 0.64 0.07 0.81

300–350 km σC = 1.94; A = 41.36% σC = 2.88; A = 35.84%

Pr 0.85 0.82 0.81 0.70 0.72 0.62

|σM − σC| 0.37 0.14 0.16 0.10 0.06 0.02

RMSE 0.45 0.21 0.37 0.68 0.12 0.80

350–400 km σC = 1.42; A = 44.62% σC = 2.66; A = 38.33%

Pr 0.88 0.86 0.85 0.78 0.80 0.74

|σM − σC| 0.30 0.10 0.13 0.35 0.14 0.15

RMSE 0.35 0.19 0.30 0.51 0.10 0.53

400–450 km σC = 0.92; A = 47.63% σC = 2.11; A = 38.05%

Pr 0.88 0.87 0.86 0.82 0.83 0.79

|σM − σC| 0.12 0.01 0.01 0.36 0.12 0.16

RMSE 0.22 0.13 0.19 0.37 0.10 0.37

Note: Pr is Pearson correlation coefficient between COSMIC-Ne data and 
the specified model. The unit of SD σ and root-mean-square error (RMSE) 
is 105  cm−3. σC is for COSMIC-Ne data and σM is for either TIE-GCM, 
analysis, or forecast as applicable. A is the percentage of assimilated over 
total COSMIC-Ne observations in the specified altitude region. RMSE is 
relative to COSMIC data for the specified model in the specified altitude 
region. The values in bold emphasize the largest Pr and the smallest 
|σM − σC| and RMSE for each category.

Table 1 
Low-Order Statistics of the Data Assimilation Experiments
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significantly better in the low latitudes than in the middle latitudes. In altitudes above 200 km, the per-
formance of E1-forecast is comparable in both high and low latitude regions. The results for E1 in Table 2 
considering the global mean and individual latitude regions indicate that both analysis and forecast perform 
consistently well in the 200–250-km altitude range compared to other altitude regions. Table 2 reveals that 
the performance of the forecast significantly drops in the 250–450-km altitude range in middle latitudes, 
which is also the altitude-latitude region where the difference between the RMSEs of analysis and forecast 
is, in general, largest.

Table 2 highlights that the global performance of the E2-analysis is outstanding in the 250–450-km altitude 
range compared to that of E1—a difference of approximately 30%. E1-analysis outperforms the E2-analysis 
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Figure 6. (a–d) The geographic latitude (positive = North; negative = South) and altitude distribution of the difference 
between model estimated electron density (Ne) and COSMIC-Ne. The black solid (dotted) line represents the height of 
maximum Ne for COSMIC (model) in each latitude column. The height of maximum Ne is not provided for any latitude 
column with at least one bin with no data (gray areas). The resolution of the data is 5° in latitude and 10 km in altitude. 
Figure S8 shows the corresponding raw data and the number of observations averaged per latitude-altitude bin.
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in the 200–250-km altitude range, and it is clear from Table 2 that the poor performance of E2-analysis in 
this altitude range mostly occurs in the middle latitudes. A significant latitudinal dependency in perfor-
mance is not apparent for the analysis in both E1 and E2.

The performance of the E1-forecast is significantly better than the E2-forecast, which is under solar max-
imum conditions. Table  2 reveals that the poor performance of E2-forecast in the 250–350-km altitude 
range in Figure 3 could mainly be attributed to its performance in the middle latitudes. Similarly, this poor 
performance in the 350–450-km altitude range could mainly be attributed to the performance in the high 
latitudes.
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Figure 7. Same as Figure 6 except for E2. Figure S9 shows the corresponding raw data and the number of observations 
averaged per latitude-altitude bin.
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5. Forecasts of the Experiments
5.1. Sensitivity of the Forecasts to the Assimilation of COSMIC-Ne

The focus of this section is to investigate the forecasting capability of the assimilation scheme with COS-
MIC observations. Figure 8 provides a point-to-point direct comparison of E2 electron density estimates 
from TIE-GCM control (left column) and forecast (right column) runs with COSMIC observations at three 
altitude regions—here the TIE-GCM and forecast estimates are interpolated to the observation location. 
The legend provided in Figure 8e applies to all the panels 8a–8f. Figure 8 is a multidimensional scatter plot 
revealing other aspects of the compared electron density distributions. The data points in orange (1-h fore-
casts) indicate whether the particular COSMIC-Ne observation was assimilated in the next assimilation cy-
cle to produce the analysis state. The COSMIC observations that were discarded by the assimilation scheme 
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Altitude region (km)

E1 (solar minimum) E2 (solar maximum)

Analysis (%) Forecast (%) Analysis (%) Forecast (%)

Global

150–200 −42.86 −14.29 −50.00 −12.50

200–250 −78.95 −52.63 −52.38 −19.05

250–300 −61.90 −19.05 −89.06 26.56

300–350 −53.33 −17.78 −82.35 17.65

350–400 −45.71 −14.29 −80.39 3.92

400–450 −40.91 −13.64 −72.97 0.00

High Latitudes (60° − 90°N/S)

150–200 −37.50 12.50 −42.86 42.86

200–250 −76.47 −52.94 −79.07 −37.21

250–300 −59.38 −34.38 −85.29 −21.57

300–350 −57.14 −25.00 −80.28 1.41

350–400 −52.63 −21.05 −63.16 36.84

400–450 −42.86 −14.29 −52.00 52.00

Middle Latitudes (25° − 60°N/S)

150–200 −41.67 −8.33 −53.85 −30.77

200–250 −76.47 −47.06 −35.00 0.00

250–300 −60.98 −12.20 −89.33 33.33

300–350 −46.51 −4.65 −83.54 24.05

350–400 −43.75 −9.38 −78.57 16.07

400–450 −36.84 −5.26 −66.67 6.06

Low Latitudes (25°S − 25°N)

150–200 −75.00 −50.00 −66.67 −55.56

200–250 −57.14 −46.43 −54.17 −29.17

250–300 −61.73 −40.74 −77.78 2.22

300–350 −55.14 −28.04 −77.42 0.00

350–400 −49.43 −26.44 −77.03 −6.76

400–450 −44.64 −17.86 −75.34 −8.22

Note: The negative (positive) values indicate the percentage by which the RMSE is reduced (increased) in the analysis or forecast compared to the RMSE of 
TIE-GCM control run computed against COSMIC-Ne as per Equation 1. The negative values indicate that the respective estimate of electron density is closer 
to COSMIC observations than TIE-GCM. The positive values in bold represent the regions where the data assimilation runs perform poorly compared to the 
TIE-GCM control run.

Table 2 
Change in RMSEs of Analysis and Forecast From the RMSE of TIE-GCM



Space Weather

KODIKARA ET AL.

10.1029/2020SW002660

17 of 28

Figure 8. (a–f) A multidimensional scatter plot comparing electron density observations of COSMIC with that of (left column) TIE-GCM and (right column) 
forecast in E2 at the specified altitude region. The location of the data points are color-coded as follows: the data points in orange (gray) indicate whether 
the particular COSMIC observation was assimilated (rejected) in the next assimilation cycle to produce the analysis state. The forecast shown here is only 
influenced by COSMIC observations that were assimilated in previous assimilation cycles and not the particular observation that it is compared to in the 
current assimilation cycle. The total number of rejected (assimilated) observations in the distribution are noted as R (A). Pr is the Pearson correlation coefficient 
between distributions specified in the abscissa and ordinate. σC, σT, and σF give the standard deviations (in units of 105 cm−3) of COSMIC, TIE-GCM, and 
forecast, respectively, considering the entire population in the specified altitude region. The geographic latitude of the observations are separated into three 
categories: low (25°S–25°N; triangle), middle (25°–60°N/S; cross), and high (60°–90°N/S; dot). The solid blue line is a linear fit considering all observations, and 
the black dotted line represents the ideal data-model reference.
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in the update/analysis step are shown in gray. The forecast shown here is only influenced by COSMIC-Ne 
observations that were assimilated in previous assimilation cycles and not the particular observation that 
it is compared to in the current assimilation cycle. The total number of rejected (assimilated) observations 
in the distribution are noted as R (A) in each scatter plot. The notations Pr, σC, σT, and σF in Figure 8 give 
the Pearson correlation coefficient between distributions specified in the abscissa and ordinate, standard 
deviations (in units of 105 cm−3) of COSMIC, TIE-GCM, and forecast, respectively, considering the entire 
population in the specified altitude region. The solid blue line is a linear fit considering all observations, and 
the black dotted line represents the ideal data-model reference. Figure 8 also indicates the geographic lati-
tude of the observations in three categories: low (25°S–25°N; triangle), middle (25°–60°N/S; cross), and high 
(60°–90°N/S; dot). This visualization is aimed at recognizing parts of the distribution with characteristics 
unique to a certain latitude region, such as that most large electron densities in COSMIC data above 300 km 
altitude occur in the middle latitudes (see Figures 8c–8f). For completeness, Figures S10–S12 provide such 
comparisons for the lower altitude regions and E1.

Figure 8 illustrates the impact of the assimilation on the forecast distribution compared to the standalone 
GPI-driven TIE-GCM run. The difference between the SDs of COSMIC data and forecast distributions is 
less than that of the TIE-GCM control run (|σF − σC| < |σT − σC|). In other words, the variability of the elec-
tron density estimates of the TIE-GCM control run is higher than that of COSMIC data and E2-forecast in 
Figure 8. In Figure 8, the forecast estimates display a remarkable precision relative to COSMIC observations 
at the locations where data are assimilated in the next assimilation cycle (marked in orange). This is likely 
due to observations at or near these locations marked in orange but belonging to a previous assimilation 
cycle that have been assimilated, which allows the model to self-consistently evolve in response to the al-
tered state. The information about the rejected observations are not passed into the model. A notable feature 
of Figure 8 is that, although the agreement between COSMIC data and forecast seems better at locations 
marked in orange, the Pearson correlation coefficient considering the whole distribution is slightly larger 
for the TIE-GCM control run.

Figure  8 demonstrates an underlying altitude-latitudinal structure in model-data agreement. Figure  8 
indicates that severe overestimation (underestimation) of electron density in both TIE-GCM control run 
and forecast mostly occurs in low (middle) latitudes. On the one hand, TIE-GCM control run significantly 
overestimates electron density at certain low latitude observations (gray triangles on top-left in Figure 8a), 
and significantly underestimates at certain other low latitude observations (scattered gray triangles below 
the dotted line in Figure 8e). This disagreement between the overestimated electron densities in the low 
latitudes is considerably reduced in the forecast in Figure 8b. The underestimated low latitude densities 
in Figure 8e seems to have moved slightly closer to the ideal data-model reference line in Figure 8f. This 
indicates that E2-forecast has improved relative to COSMIC-Ne in the region as a whole and not just where 
the observations were assimilated. On the other hand, in Figure 8e, most of the underestimated electron 
densities belong to middle latitudes. The corresponding part of the distribution in Figure 8f is not changed 
much in the forecast. In general, Figure 8 illustrates that the assimilation has bent the forecast distribution 
toward the ideal data-model reference line. These characteristics of the distributions change significantly 
by altitude and latitude between the two experiments E1 and E2 as discussed in Table 1 and Figures 4 and 5 
where the results from the two experiments are summarized.

5.2. COSMIC-Guided Forecasts Compared to GRACE Data

This section investigates the forecast states from the two experiments E1 and E2 with independent GRACE 
electron density data. The validation results in Figures 9 and 10 correspond to E1 and E2, respectively. Fig-
ures S13 and S14 provide an additional validation along the orbit of the CHAMP satellite.

The legend provided in Figure 9a applies to panels 9a–9d. The electron density profiles shown here (GRACE 
observations: green, Forecast: orange, TIE-GCM: gray) have a vertical resolution of 10 km and correspond 
to the local time sector 16:00–18:00 LT. As the GRACE orbit is quasi-Sun-synchronous, this local time sector 
provides more GRACE data than other times, and such selection reduces skewing of the profiles due to 
uneven time sampling. While Figure 9d shows the vertical profiles of electron density averaged across all 
latitudes, Figures 9a–9c correspond to low, middle, and high latitude regions, respectively.
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In the low latitudes, in Figure 9a, the forecast is significantly different from TIE-GCM above the altitude 
of 250 km, and closer to the GRACE profile from approximately 280 to 420 km. In altitudes below 250 km, 
both TIE-GCM and forecast seem to significantly underestimate electron densities compared to GRACE 
data. In the middle latitudes, in Figure 9b, the forecast shows a shift toward GRACE data above the altitude 
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Figure 9. Results of E1 compared to independent GRACE data. (a–d) Vertical profiles of electron densities at the 
specified latitude region corresponding to the 16–18 local time sector. (e–f) Statistical summary of the electron densities 
averaged in 10 km-altitude bins. The geographic latitude regions are defined similar to Figure 8 σG, σT, and σF refer 
to the standard deviations (in units of 105 cm−3) of GRACE, TIE-GCM, and forecast, respectively, considering the 
collective distribution across all bins. The solid line is a linear fit considering the collective distribution, and the black 
dotted line represents the ideal data-model reference.
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of 250 km. In the middle latitudes, in altitudes approximately above (below) 250 km, both TIE-GCM and 
forecast seem to significantly overestimate (underestimate) electron densities relative to GRACE data. Fig-
ure 9c shows good agreement between TIE-GCM, forecast, and GRACE data in the high latitudes. A slight 
underestimation of electron density is also apparent in Figure 9c in altitudes below approximately 200 km. 
The global average electron density profiles in Figure 9d show that the electron density at the F-region peak 
of the forecast seems to agree well with GRACE data compared to that of TIE-GCM. However, the height of 
the peak electron density of the forecast in this LT sector shows no visible deviation from that of TIE-GCM. 
In general, the COSMIC-Ne-guided forecast is shifted toward GRACE data in altitudes above 250 km.
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Figure 10. Same as Figure 9 except for E2 at the 14–16 local time sector.
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The legend provided in Figure 9e applies to panels 9e and 9f. The results in Figures 9e and 9f show the 
electron densities averaged per altitude-bin per latitude region (low: blue triangle, middle: gray cross, high: 
orange dot). The notations σG, σT, and σF refer to the standard deviations (in units of 105 cm−3) of GRACE, 
TIE-GCM, and forecast, respectively, considering the collective distribution across all altitude and latitude 
bins. Figure 9e shows TIE-GCM's distinctly overestimated and underestimated portions of the distribution 
relative to GRACE data in low and middle latitudes. Figure 9f clearly shows that much of the adjustment 
in the forecast correspond to this overestimated portion of TIE-GCM. The overall standard deviation of the 
forecast is remarkably closer to that of GRACE data.

The presentation in Figure 10 is similar to Figure 9 except for E2 in the 14:00–16:00 LT sector, which corre-
sponds to the LT sampling of GRACE during the E2 time period. The altitude range of the vertical profiles 
in Figure 10 is less than that of Figure 9 due to GRACE's orbital decay over the years from 2008 to 2014. 
Figures 10a–10d show that the E2-forecast mostly follows the TIE-GCM control run except for a few notable 
deviations in the low and high latitudes. In the low latitudes, the E2-forecast is in better agreement with 
GRACE in altitudes above 300 km. Figure 10b shows that both forecast and TIE-GCM control run severely 
underestimate electron densities relative to GRACE in the middle latitudes in altitudes below 250 km. The 
three profiles in Figure 10b are in better agreement with each other in altitudes above 270 km compared to 
the lower altitudes.

Although the shape of the profiles of forecast and TIE-GCM are similar, the forecast is significantly different 
from TIE-GCM in the 250–300 km altitude range in the high latitudes in Figure 10c. In Figure 10c, the gra-
dient of the TIE-GCM and forecast profiles in the 230–350 km altitude range appears significantly different 
from that of GRACE. In this altitude range, both TIE-GCM and forecast significantly overestimate electron 
densities relative to GRACE. Considering the global average in Figure 10d, the forecast is in better agree-
ment with GRACE in the 300–400 km altitude range but the TIE-GCM is not significantly different from 
the forecast. The comparison in Figures 10e−10f show that the differences in the respective σ values are 
only marginal. The two scatter plots clearly visualize that the overall improvement of the E2-forecast in the 
high latitudes compared to the GPI-driven TIE-GCM control run. Figures 10e−10f demonstrate that while 
the forecast has largely corrected for overestimation in TIE-GCM relative to GRACE, the underestimation 
of TIE-GCM relative to GRACE has not changed much in the forecast.

6. Influencing the Neutral Dynamics Through Assimilating COSMIC-Ne
This section investigates the impact of assimilating COSMIC-Ne on neutral mass density in the thermo-
sphere. Figures 11 and 12 demonstrate this impact on the assimilation runs relative to TIE-GCM and Eval-
NA, respectively. The supporting information provides some additional comparisons by local time, altitude, 
and latitude (Figures  S18–S25 and Table  S1). Here the objective is to demonstrate the capability of the 
assimilation scheme to impact the neutral mass density state via assimilating COSMIC-Ne. A validation of 
the resulting neutral mass density is beyond the ambit of the present work but an important future task.

Figure 11 demonstrates an example of this impact on neutral mass density states of E1 (see Figures S15–S17 
for additional examples from E1 and E2). The snapshot in Figure 11 corresponds to 3 UT on March 7, 2008. 
Figures 11a–11c show the neutral mass density estimates from TIE-GCM, forecast, and analysis, respective-
ly. Figures 11d (11e) shows the percentage deviation of forecast (analysis) from TIE-GCM, and Figures 11f 
shows the percentage deviation of forecast from the analysis. The locations of assimilated COSMIC-Ne 
profiles at the specified altitude within −2.5 and 0.5 h of the specified time are marked with a blue dot.

The most notable feature of Figure 11 is the localized impact to the neutral mass density state apparent in 
proximity to the locations of COSMIC-Ne observations. For example, Figures 11e illustrates that the assim-
ilation of COSMIC-Ne has effectively increased the neutral mass density by about 10% in the analysis in 
the region between approximately 45–75°N and 150–180°E in comparison to TIE-GCM. The comparison 
around 45°S and 150°W in Figures 11e also shows a signature of this increase in neutral mass density due 
to assimilation. Figures 11d and 11e illustrate global differences between the forecast and analysis, and 
GPI-driven TIE-GCM. Some of these differences are accentuated mostly in the terminator regions and high 
latitudes, and could be mainly attributed to the differences in the solar and geomagnetic forcing between 
the assimilation runs and TIE-GCM.

KODIKARA ET AL.

10.1029/2020SW002660

21 of 28



Space Weather

The differences between neutral mass density states of the assimilation runs (analysis and forecast) and 
nonassimilation run (Eval-NA) yields a direct measure of the impact of the assimilation. Figure 12 presents 
the ratio of the natural logarithm of neutral mass densities of analysis and forecast relative to Eval-NA (see 
Section 3.4). In Figure 12, a ln-ratio of zero indicates that the respective assimilation run is not different 
from Eval-NA. The positive (negative) ratios indicate that the neutral mass density of the respective assimi-
lation run is larger (smaller) than that of Eval-NA. As the background external forcing is identical between 
analysis, forecast, and Eval-NA, the differences present in Figure 12 is entirely due to the impact of the 
assimilation of COSMIC-Ne.
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Figure 11. A snapshot of the impact of the assimilation of COSMIC-Ne on neutral mass density (ρ) for E1 at the 
specified time and altitude. The color-bar on the left indicates the magnitude of the geographic longitude-latitude 
distribution of ρ for (a) TIE-GCM, (b) forecast, and (c) analysis. The color-bar on top-right shows the percentage 
difference between (d) forecast and TIE-GCM, and (e) analysis and TIE-GCM. (e) The percentage difference between 
forecast and analysis. The blue dots indicate the locations of assimilated COSMIC-Ne profiles at the specified altitude 
within −2.5 and 0.5 h of the specified time.
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In general, results for E1 in in Figure 12 show that assimilation of COSMIC-Ne has forced the analysis and 
forecast to reduce neutral mass densities in altitudes above approximately 300 km. The regions where these 
differences are prominent correspond well with the regions where model bias differences between electron 
densities in Eval-NA and assimilation runs are present in Figure 6. Figures 12a and 12b show that, in gen-
eral, E1-forecast has slightly larger differences with Eval-NA compared to E1-analysis (e.g., above 300 km 
in northern latitudes). This may be due to the differences in model's physical computation of neutral mass 
density influenced by altered electron density and other variables in the state vector (see Section 3.2) in a 
previous assimilation cycle versus statistically updating the neutral mass density in the analysis step.

Figure 12d shows that differences between E2-forecast and Eval-NA does not vary significantly across all 
altitudes except, for example, in the region around 400 km and south of approximately 60°S. Such features 
are similar for the E2-analysis in Figure 12c but with some significantly large differences in a few areas (e.g., 
dark red patch north of 75°N). The pattern of neutral mass density differences in Figure 12c share some 
similarities with the electron density bias differences present between Figures 7b and 7c. For example, the 
electron density of E2-analysis in the region corresponding to the above-mentioned dark red patch is sig-
nificantly higher than that of Eval-NA. Interestingly, Figures 7c and 7d also do not show much difference 
between Eval-NA and forecast for the bias in electron density. Section 7 discusses these features in detail.
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Figure 12. Ratio of the natural logarithm (ln) of neutral mass densities of (a), (c) analysis, and (b), (d) forecast to 
Eval-NA. The results here represent the longitudinal average as a function of geographic latitude and altitude for 
experiments (a), (b) E1, and (c), (d) E2.
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7. Discussion
The results of the present study show that the data assimilation scheme significantly improves the agree-
ment between the analysis and assimilated COSMIC data (see Table 1). The impact of assimilating COS-
MIC-Ne during E1 solar minimum is, in general, consistent with previous similar investigations in, for 
example, Lee et al. (2012), Matsuo et al. (2013), and Hsu et al. (2014). The relative impact of the assimilation 
of COSMIC-Ne on the analysis state is much more significant during E2 solar maximum than E1 solar min-
imum (e.g., Figures 6 and 7). The agreement between forecast and COSMIC-Ne is better during solar mini-
mum compared to that of solar maximum (see Table 2). Although E1 and E2 belong to two different seasons 
(March-equinox and June-solstice months), the model bias due to season in TIE-GCM is less compared to 
the model bias due to GPIs (e.g., Emmert et al., 2014). A companion manuscript in preparation discusses in 
detail the issue of seasonal bias in data assimilation results.

Lee et al. (2012) report a globally averaged difference of 5% between the forecast and analysis during solar 
minimum in Figure 1 of their experiment with assimilation of COSMIC-Ne for a period of 1 day. The results 
of the present study based on statistics of two four-day assimilation experiments (E1 and E2) demonstrate 
that the impact on the model state due to assimilation of COSMIC-Ne and thus the differences between the 
forecast and analysis vary significantly in local time, altitude, latitude, and solar activity. One contributing 
factor for the differences in the forecasts of Lee et al. (2012) and this study could be the inclusion of O+ as 
part of the state vector in this study. Hsu et al. (2014) show in their experiments using synthetic data that 
the impacts of updating O+ in the state vector could last for about 10 h.

The comparisons in the observation-space (e.g., Figures 4 and 8) and with independent data (e.g., Figures 9 
and  10) show that assimilating COSMIC-Ne can also significantly adjust the model forecasts similar to 
OSSEs with synthetic COSMIC-Ne in Hsu et al. (2014). Matsuo et al. (2013) show in their Figure 3 that the 
impact of assimilation of synthetic COSMIC-Ne on neutral mass density forecast state is not significant 
during solar minimum. Matsuo et al. (2013) also do not include O+ in their state vector. The results of the 
present study show that assimilation of COSMIC-Ne significantly impacts both electron density and neutral 
mass density states of the analysis and forecast during both solar minimum and maximum—with some 
differences in performance between the two periods. The relative impact of the assimilation of COSMIC-Ne 
on neutral mass density is larger during solar maximum compared to solar minimum (see Figure 12). The 
results also suggest that this impact on neutral mass density state persists through to forecast state better 
during solar minimum compared to solar maximum (see Figure 12).

The patches of large differences corresponding to E2-analysis in Figure 12c perhaps indicate an artifact due 
to statistically updating the neutral mass density based on assimilated electron density in the analysis step. 
Such artifacts could arise due to inaccurate correlations between electron density and the state vector. The 
E2-forecast seems to suppress these localized differences. This may be due to background solar radiation 
dominating the interaction between neutrals and ions/electrons via ionization, dissociation, and excitation. 
In other words, the relatively large insolation during solar maximum compared to solar minimum dampens 
the influence of localized changes to the state vector on neutral dynamics in the forecast step. Solar radia-
tion controls the overall temperature in the upper atmosphere. The influence of localized enhancements 
to electron density on neutral dynamics becomes prominent relative to background forcing. For example, 
in auroral regions, precipitating electrons enhance ionization and thus increase Joule heating, which im-
part further variability on neutrals. In TIE-GCM, Ne is one of the main factors of ion drag force due to the 
ion-electron quasi-neutrality in the ionosphere. Thus, assimilated Ne could introduce variations to neutral 
temperature, winds as well as a whole range of model dynamics in addition to statistical updates to unob-
served variables in the state vector. This further emphasizes the important role of ion-neutral coupling and 
criticality of correct specification of plasma-neutral interactions in models. Hsu et al. (2016), using TIE-
GCM, shows that relatively small errors in temperature can lead to relatively large errors in neutral mass 
density. These results motivate further experiments to determine whether the benefit of updating also the 
forcing parameters, such as F10.7 in addition to the aforementioned state vector, is more during solar maxi-
mum compared to solar minimum.

The comparisons between E1 and E2 reveal the differential model bias during the two vastly different solar 
activity periods. For example, the local time and latitude dependent performance characteristics highlighted 
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in Figures 2–3 and Figures 4–5, and summarized in Tables 1 and 2. Figures 5 and 7 demonstrate that data as-
similation successfully corrects a known systematic bias of TIE-GCM in the northern summer high latitudes 
(e.g., Yue et al., 2013). The results of this study also demonstrate that the performance of the forecast with 
this assimilation scheme is significantly affected during E2 solar maximum. Elvidge et al. (2016) reported 
that the neutral mass density forecast skill of TIE-GCM is significantly better during the solar minimum 
than the solar maximum. Although the performance of E2-forecast is relatively worse than the E1-forecast, 
the |σM − σC| results in Table 1 indicate that the assimilation scheme causes considerable changes to the 
forecast distribution.

The results in Table 2 also help to narrow down the most problematic regions for forecasting during E2: 
middle (high) latitudes in the 250–350-km (350–450-km) altitude range. Figure  8 shows that TIE-GCM 
is prone to significantly underestimate electron densities in the middle latitudes relative to COSMIC-Ne. 
These statistics along with diagnostics in supporting information for different latitude regions suggest that 
the adjusted/updated state in the analysis is overpowered by other forces in the self-consistent model in the 
middle and high latitudes. For example, Figure S6 show that in altitudes above 250 km, the forecast con-
sistently struggle to converge in the middle latitudes at all local times. Similarly, in Figure S7, in altitudes 
above 200 km in the high latitudes, the forecast consistently struggle to converge in the nighttime but shows 
a slight improvement during daytime in the 250–350-km altitude range. Further investigations into this 
issue in the middle and high latitudes could help identify possible pathways to make useful impact on the 
forecasted state during high solar activity periods.

This study assesses the accuracy of the forecast state with independent GRACE data. Figures 9 and 10 show 
that the agreement between forecast and GRACE data during E1 and E2 is in general better than that of 
GPI-driven TIE-GCM control run. Figure 9 shows no appreciable impact of the assimilation on the forecast 
in altitudes below 250 km. This indicates that the assimilation does not effect change in model dynamics 
at locations further from where observations were assimilated. The number of observations assimilated in 
these lower altitudes are smaller compared to that of higher altitudes. Although the forecast shows a shift 
toward GRACE data in altitudes above 250 km in low and middle latitudes, the results in Figures 9a and 9b 
show that the forecast does not change the height of the maximum electron density relative to TIE-GCM 
control run. This difference in the heights of peak electron densities between GRACE and forecast is about 
20 km in the low latitudes and about 30 km in the middle latitudes. Figure  S13 provides corroborating 
evidence for the good correspondence of E1-forecast with GRACE data in low latitudes. Figure S13 shows 
that forecast has considerably reduced the model bias relative to CHAMP data in the equatorial region. In 
general, the forecast shows good agreement with CHAMP in-situ measurements in the additional valida-
tion in Figures S13 and S14.

The comparison of E2-forecast with GRACE data shows that the impact of the assimilation is mostly notice-
able in the high latitudes (see Figure 10). Figure 10 also highlights TIE-GCM's severe underestimation of 
electron densities in altitudes below 250 km in low and middle latitudes, and significantly different gradient 
of the profile in the peak electron density region in the high latitudes relative to GRACE data. TIE-GCM's 
significant overestimation of electron densities in the high latitudes is also apparent relative to COSMIC 
data in Figure 4e. The results of this study show that this problem of overestimation in the high latitudes is 
greatly improved in both E2-analysis and -forecast.

The comparison with independent data also gives an indication about the limitations of assimilating COS-
MIC-Ne profiles in an operational setting. While the number of profiles to assimilate can be controlled in 
experiments with synthetic observations (e.g., Matsuo et al., 2013; Hsu et al., 2014), the availability of bo-
na-fide COSMIC-Ne profiles is dependent on multiple factors such as the number of transmitters in view, 
quality of the receiving radio signals. Only a limited number of observations out of the total available obser-
vations gets assimilated in this study due to the outlier threshold as well as the model spread. The quality 
or the usefulness of, for example, neutral mass density predictions along a given orbit is thus affected by 
the number of COSMIC observations that fall within a meaningful range (e.g., localization radius) of the 
respective satellite's path. Here a task will be to ascertain the persistence of the impact of assimilating COS-
MIC-Ne on neutral mass density. For example, if such impact persists for several hours, then a dense enough 
COSMIC sampling could lead to global changes in neutral mass density, which may benefit applications of 
neutral mass density predictions.
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The impact due to the large errors in COSMIC-Ne at altitudes below 200 km (see Section 2) could be miti-
gated by assimilating the raw slant TEC along the RO ray path. While this would eliminate the dependency 
on the COSMIC-Ne retrieval method, additional errors may be introduced due to needing to extrapolate be-
yond the top layer of TIE-GCM in the forward operator for slant TEC along the RO ray path. A combination 
of data sources (e.g., COSMIC, COSMIC-2, and other space- and ground-based measurements) may help 
improve the limitation with spatial and local time coverage. One possibility is to lower the observational 
error of COSMIC data, for example, by validating with other in situ or ground-based measurements. The 
“cleaned-up” COSMIC observations could then be assimilated with a relaxed outlier threshold and lower 
observational error. The observation rejection ratio could be reduced by increasing the observation error 
variance—at the cost of observation gain. Although a higher observation error may lower the observation 
gain, the increase in the number of observations may improve the overall result. Another aspect of caution 
here is “filter divergence”, which is related to the difference between model and observation variances. A 
large difference between the two variances could lead to filter divergence where the analysis stops converg-
ing toward the observation (Anderson, 2001).

8. Summary and Conclusions
This work investigated the response of physics-based TIE-GCM in a data assimilation scheme by assim-
ilating COSMIC electron densities during solar minimum (E1; 4–8 March 2008) and maximum (E2; 2–6 
June 2014). With approximately steady solar activity and relatively quiet geomagnetic activity during the 
two time periods, the two experiments E1 and E2 allowed a comparison of the assimilation results at dif-
ferent solar activity levels. COSMIC, among others, represents one of the largest databases of ionospheric 
electron density. This work represents the first comprehensive comparison of the impact of solar activity 
on forecasting the upper atmosphere through assimilation of COSMIC electron densities into TIE-GCM. 
This work compared the assimilated quantity electron density and its impact on neutral mass density in 
the thermosphere. The results are not only useful to gauge the accuracy of the assimilation, to explain the 
inherent model bias, and to understand the limitations of the data, but they also demonstrate the capability 
of the assimilation technique in the presence of realistic data assimilation scenarios to forecast the highly 
dynamical thermosphere.

The results showed that the data assimilation scheme significantly improves the agreement between the 
analysis and assimilated COSMIC data. On the one hand, the impact of the assimilation on the analysis/
posterior Ne state was much more significant during solar maximum compared to the solar minimum. 
On the other hand, the agreement between forecast/prior Ne and COSMIC data was better during solar 
minimum compared to that of solar maximum. This study assessed the accuracy of the forecast states with 
independent GRACE data. The results showed that forecast is mostly better than the GPI-driven TIE-GCM 
control run. The results emphasized that TIE-GCM significantly underestimate electron density in low alti-
tudes (mostly below 250 km) and the assimilation of COSMIC data is not as effective in these lower altitudes 
compared to higher altitudes.

The results also demonstrated that assimilation of COSMIC-Ne significantly impacts neutral mass densi-
ty states of the analysis and forecast during both solar minimum and maximum. The relative impact on 
neutral mass density is larger during solar maximum compared to solar minimum. However, the impact 
of assimilation of COSMIC-Ne on neutral mass density state persists through to forecast state better during 
solar minimum compared to solar maximum. The results suggested that COSMIC data may be utilized in 
applications of neutral mass density forecasts (e.g., satellite orbit prediction). Further experiments are need-
ed to understand the challenges of such operational ensemble prediction systems.

The experiments mainly focused on the assimilation accuracy during two different solar activity periods. 
More work needs to be done to identify and improve model bias due to external forcing—especially high 
solar activity above 120 sfu. More specifically, research into the impact of external forcing on the persis-
tence skill of these forecasts will be useful, among others, to enhance our current forecasting capabilities. 
Assimilation of other data, for example, ground-based remote sensing measurements of thermospheric 
neutral winds and temperature could also help unravel some difficulties associated with forecasting the 
upper atmosphere.
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Data Availability Statement
The UCAR/DART (www.image.ucar.edu/DAReS/DART) provided the data assimilation tools used in this 
work. The UCAR/HAO (www.hao.ucar.edu/modeling/tgcm) provided the TIE-GCM code. The UCAR 
COSMIC Data Analysis and Archive Center (cosmic.ucar.edu) provided the level-2 electron density profiles 
for COSMIC and GRACE. The GFZ Data Services (https://doi.org/10.5880/GFZ.2.3.2019.007) provided the 
CHAMP electron density data (CH-ME-2-PLPT). The NASA/OMNI database (omniweb.gsfc.nasa.gov) pro-
vided the measurements Kp, ap, Dst, and F10.7.
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