Improved modelling of upper atmospheric densities
using multi-model ensembles
Sean Elvidge* , Humberto Godinez,† , Matthew J. Angling*,‡ , and Josef Koller†
*

†

Poynting Institute, University of Birmingham, UK
Los Alamos National Laboratory, New Mexico, USA
‡
QinetiQ, Malvern, UK

Abstract
This paper presents the first stages of a data assimilation scheme that is being developed as part
of the Integrated Modelling of Perturbations in Atmospheres for Conjunction Tracking (IMPACT)
Project, which is led by the Los Alamos National Laboratory (LANL) in the USA. In particular,
the paper focuses on a project undertaken as part of the 3rd LANL Space Weather Summer School
programme. IMPACT aims to develop a new orbital dynamics and atmospheric drag model with
accurate uncertainty quantification. To achieve this goal, novel ionospheric, plasmaspheric and
thermospheric data assimilation techniques that combine model information and observational data,
along with relevant error statistics are required. The approach described in this paper involves
a weighted ensemble of models to produce a better forecast of the true state of the atmosphere
using the Thermosphere-Ionosphere-Electrodynamic General Circulation Model (TIE-GCM). The
main advantage of using multiple models is to reduce the effect of model errors and bias, since it
is expected that the model errors will, at least partly, cancel. This is an advantage for forecasting
since it has been previously shown that a reduction in the uncertainties in the initial conditions of a
model generally increases model skill. It is shown that the corresponding model output is closer to
the true state, providing a more accurate forecast of atmospheric densities, with a reduction in the
RMS error of approximately 55%.
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Introduction

NASA predicts that, by 2030, orbital collisions could become frequent enough to cause a cascade, known
as the Kessler Syndrome, with the potential to prevent the use of low Earth orbit (LEO). One way to
mitigate the Kessler Syndrome is to more accurately predict orbital trajectories to better plan collision
avoidance manoeuvres. A key component in orbital trajectory predictions is the accurate description
of the upper atmospheric environment, in particular the ionosphere-thermosphere, since drag due to
atmospheric density is one of the main forces that affect the orbit of satellites and space debris. The
neutral air density from 200 to 1000 km altitude can change by 80% diurnally as well as by two to three
orders of magnitude during geomagnetic storms; sometimes in just a few hours. The forecast models
currently in use are empirical. They are finely tuned but when applied to satellite orbit forecasts they
result in large uncertainties in the orbital parameters (positional errors on the order of kilometres after
a day [Vallado and Finkleman, 2008; McLaughlin et al., 2011]).
There are a number of techniques to improve the predictability of the upper atmospheric environment. Data assimilation schemes have long been applied to the ionosphere-thermosphere system [Angling
and Jackson-Booth, 2011; Matsuo et al., 2013; McNamara et al., 2013]. Unfortunately, model errors
and/or bias can significantly degrade the performance of data assimilation results. In this work a multimodel ensemble (MME) technique has been implemented to enhance the prediction of the ionospherethermosphere. The main advantage of MME methods is that the use of a number of different models to
simulate the same physical phenomena can reduce or eliminate model errors or bias caused by any one
single model. The model variables or fields of interest are averaged with equal weights or with weights
reflecting their individual errors and/or bias. The main objective is to minimize the effects of model
errors and bias, and improve the prediction of the physical phenomena using the ensemble average.
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Section 2 of this paper reviews the models used in this study. Section 3 describes the test scenario
while Section 4 discusses the initial comparison of the models with a truth data set. Section 5 details
the approach for constructing the MME, and Section 6 discusses the results of using the new state as
the model input. Finally, Section 7 provides the conclusions of the study, and where further work should
be undertaken.

2

Models & Observation Data

For this study three atmospheric density models have been used: the Navy Research Laboratory Mass
Spectrometer and Incoherent Scatter Radar Exosphere model (NRLMSISE-00), the ThermosphereIonosphere-Electrodynamics General Circulation Model (TIE-GCM), and the Global Ionosphere-Thermosphere
Model (GITM). NRLMSISE-00 is an empirical density model whereas GITM and TIE-GCM are physics
based models. The models are driven using standard geophysical indices: i.e. F10.7, which is the solar
flux at a wavelength of 10.7 cm at the Earth’s orbit and is used as a proxy for solar output; Kp and Ap,
which indicate the severity of the magnetic disturbances in near-Earth space.
The NRLMSISE-00 model, developed at the US Naval Research Laboratory, is a global, empirical
model of the atmosphere, using F10.7 and Ap to model the density of various atmospheric parameters
[Picone et al., 2002; Hedin, 1991]. Empirical models are computationally cheap and provide a statistically
accurate estimate on average (over time). However without accounting for any of the underlying physical
processes they do not allow for extrapolation into areas where there is no data with any confidence.
The TIE-GCM model, developed in the National Center for Atmospheric Research (NCAR), is a
non-linear three-dimensional model of the coupled thermosphere ionosphere system [Richmond, 1992].
At each time step the continuity, energy and momentum equations are solved for neutral and ion species
using a fourth-order, centred finite difference scheme [Roble et al., 1988]. Ion velocities are calculated
from the drifts caused by electric and magnetic fields (i.e. E × B drifts). The model uses daily F10.7, a
81-day average F10.7 value, and Ap. The lower boundary condition atmospheric tides are provided by
the Global Scale Wave Model (GSWM) [Hagan et al., 2001].
GITM [Ridley et al., 2006] is a physics-based three-dimensional global thermosphere and ionosphere
model that solves the full Navier-Stokes equations for density, velocity, and temperature for a number
of neutral and charged components. For inputs, GITM uses F10.7, the hemispheric power index (HPI)
(which is derived from the 3-hour Kp), interplanetary magnetic field (IMF) data and solar wind velocity.
GITM inherently allows for non-hydrostatic solutions to develop which allows for realistic dynamics in
the auroral zones [Ridley et al., 2006]; this is the main difference between GITM and TIE-GCM (hydrostatic solution). Furthermore, unlike TIE-GCM, the GITM model solves the ion momentum equations.
Although both TIE-GCM and GITM can potentially provide a forecast of the upper atmospheric environment, they both suffer from significant model errors and bias. This is mainly due to missing physics
in the models, as well as inaccurate initial conditions, boundary conditions, parameters, and inherent
numerical errors. The dynamics are represented in different ways in the models; therefore it is possible
that their combined fields can capture a more realistic evolution of the densities than any one single
model.
The models are tested against neutral density data from the CHAllenging Minisatellite Payload
(CHAMP) satellite [Reigber et al., 2002b,a]. CHAMP was in operation from July 2000 to September
2010 and the neutral densities are derived from accelerometer data as described by Sutton [2009].

3

Test Scenario

The time period for this study was from August 28th 2009 to September 1st 2009. This is during solar
minimum, where there is a large difference between the models. At solar minimum the impact of the
solar input parameters on the models is relatively small, and thus other internal and external dynamics
dominate the evolution of the ionosphere-thermosphere densities. The particular time period was chosen
since it included a geomagnetic storm which took place on August 30th: the Ap reached a high of 67
between 15UT and 18UT, staying below 10 at other times. However, during this period the F10.7 showed
little variability, fluctuating between 69.3 and 70.4.
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The performance of each model is compared against the derived density fields obtained from CHAMP.
The models were run with a 30 minute time step and the observational data from the CHAMP satellite
was restricted to the closest matching time for comparison.

4

Model Comparison

The models’ outputs have been compared with density observations from CHAMP, in order to provide
model performance and an initial indication of the models’ skill.
Figure 1 shows the total neutral density from the CHAMP observations (in black) as well as the total
density outputs from NRLMSISE-00 (orange), GITM (red) and TIE-GCM (blue). Table 1 shows the
statistics of the time series of the models and Table 2 the corresponding error (model minus observation)
statistics.
The NRLMSISE-00 empirical model results, as expected, show a good mean approximation to the
observed state, however the model shows a larger variability in its output than the CHAMP observations.
GITM shows a slight negative bias but has a standard deviation value close to the observations, i.e. the
range of values that GITM produces have a similar range to the observations. Overall GITM performs
the best of the three models in terms of the model mean, standard deviation and RMS values as seen in
Table 1. It also performs better in terms of errors except for the standard deviation. GITM also seems
to show some reaction to the storm, with a noticeable increase in neutral density just after the peak in
observed neutral densities. TIE-GCM has a more pronounced discrepancy between model results and
observations. The experiments show that TIE-GCM has a positive bias and a standard deviation much
larger than that of the observations. However, the TIE-GCM does also show some reaction to the storm.
Although there is no increase in the maximum reported values, there is an increase in the minimum
values, (Figure 1).
The test results show that the models suffer from different errors and bias, and are unable to exactly
match the observed density field from CHAMP. In particular, all models underestimate the peak. Therefore, in order to provide better forecasting abilities techniques must be used to combine the model output
to minimize the impact of model errors and bias. The technique used in this work is the multi-model
ensembles (MME) described in the next section.

CHAMP
NRLMSISE-00
GITM
TIE-GCM

RMS kgm−3
2.90 × 10−12
3.84 × 10−12
2.08 × 10−12
5.22 × 10−12



Std. Dev. kgm−3
1.10 × 10−12
1.40 × 10−12
9.92 × 10−13
1.48 × 10−12



Table 1: Standard deviation and RMS of the observations and model output


RMS kgm−3
Std. Dev. kgm−3
NRLMSISE-00
1.62 × 10−12
1.36 × 10−12
−12
GITM
1.55 × 10
1.30 × 10−12
−12
TIE-GCM
2.60 × 10
1.19 × 10−12
Figure 1: Plots showing the neutral density observation data from CHAMP with the three model outputs, NRLMSISE-00, GITM and TIE-GCM for the
study period

5

Table 2: The error (model minus observation) statistics

Multi-Model Ensemble

Multi-model ensembles (MMEs) are widely used in atmospheric and climate modelling, where there have
been multiple approaches proposed for constructing the ensemble [Kharin and Zwiers, 2002; Krishanmurti
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et al., 2000]. The uncertainties in any given model include missing physics, errors in initial condition,
boundary condition, and parameter values. By using a MME it is possible to reduce the impact of these
errors and hence increase the model forecast skill [Tebaldi and Knutti, 2007].
Tebaldi and Knutti [2007] argue that the expectation that combining results from multiple models
will offer an improvement is based on the assumption that if the models are independent errors should
cancel. This leads to the idea that the uncertainty in the model predictions should decrease as the
number of models increases. However, it has been shown that different weighting schemes, each based
on reasonable criteria, can give different results [Hagedorn et al., 2005]. Therefore, Chandler [2013]
concluded that, without a formal reasoning for a particular weighting method, the choice becomes an
added source of uncertainty. Therefore simply increasing the number of models in the MME should not
continually decrease our uncertainty without formally characterising a method for combining the models
[Tebaldi and Knutti, 2007].
Two approaches to constructing the MME are described here; first by ignoring model performance
and creating an equally weighted average. Secondly a method for generating a weighted ensemble is
discussed and implemented.

5.1

Equally Weighted Average MME

There are a number of difficulties in constructing a MME, including that different models do not all share
common output variables. Another problem is that there is not observational data for each parameter,
making a method for assessing model performance difficult. One of the ways to resolve the latter problem
is to not take model performance into account and use an equally weighted average. Such methods have
been shown to increase model skill [Weisheimer et al., 2009].
Figure 2 shows the neutral density plots of the models, but this time with the equally weighted
average density also plotted. The combination of the models offers a significant improvement over each
individual model, giving an RMS error value of 1.27 × 10−12 kgm−3 . There is still a slight positive bias,
especially in the times before the storm onset; however the post-storm densities are tracked accurately.
The variability of the combination is close to the variability of the observations and the RMS error of
the combination is smaller than any individual model.

Figure 2: First shown is the model results with the CHAMP observations followed by the results from
taking an equally weighted average of the three models. Finally the weighted combination is shown

5.2

Weighted MME

There are different methods to weight model results; they each depend on what measure of model skill
is used. For example Tebaldi and Knutti [2007] state that the skill of a (climate) model should not be
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judged from its ability to predict the future, but instead from its ability to predict mean conditions,
variability, and transient changes.
In line with Tebaldi and Knutti [2007] a weighting method for the MME was developed based on the
models’ mean conditions and variability. The models were restricted to low activity (≤ 3 Ap) times and
a simple variant of the best linear mean squared error estimator (BLMSE), which weights the square of
the bias equally with the variance (of the model time series minus the observation time series) was used,
Skill = (µ2 + σ 2 ).

(1)

Where µ is the mean of the time series of errors and σ the standard deviation. This was implemented
for each model at the quiet times to produce a single value representing model skill (3.03 × 10−24 for
NRLMSISE-00, 1.06 × 10−24 for GITM and 8.15 × 10−23 for TIE-GCM). The inverse of the value was
used to weight the models, so that the model with the lowest value was weighted most heavily. The
resulting weighting was 23.7% NRLMSISE-00, 67.5% GITM and 8.80% TIE-GCM.
Figure 2 shows the neutral density plots of the observations, unweighted and weighted average,
The RMS error for the weighted combination is 1.17 × 10−12 kgm−3 . The weighted average provides
variability very close to that of the CHAMP observations, and does not show any significant bias.
However the storm period is not modelled as well as the equally weighted average. This is probably
due to the fact that GITM tends to underestimate the true state during the storm, whilst being heavily
favoured in the weighting scheme (67.5%), which is based on quiet times.
It has been shown that combining model simulations leads to increased skill at matching the CHAMP
derived data. This reduced uncertainty in atmospheric densities can be used to provide the initial
conditions of a forecast run of a model. This approach has been shown to increase model forecast skill
[Tebaldi and Knutti, 2007].

6

Using the MME as the Initial Conditions for TIE-GCM

For this experiment, TIE-GCM is initialized using the MME average. The TIE-GCM is restarted every
six hours, at which time the MME average field is used as the initial condition for the model. The main
objective is to reduce the uncertainty in the initial conditions and increase the forecast skill of TIE-GCM.

(a) Equal combination MME

(b) Weighted MME

Figure 3: Top left panel shows the neutral density from the CHAMP observations, from the original
TIE-GCM run and the equal combination MME. The bottom panel shows the CHAMP observations
and the new TIE-GCM output, using the MME as the initial condition every six hours. The plots on
the right show the same but use the weighted MME as the initial condition for TIE-GCM
Figure 3a shows the neutral density from the CHAMP observations, the original TIE-GCM run, the
equally weighted combination MME and the results of rerunning TIE-GCM using the MME as the initial
condition every six hours. Table 3 shows the errors of the reported densities from Figure 3a.
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Table 3: Statistics of equal and weighted MME used as initial conditions for TIE-GCM

kgm−3
Errors kgm−3
Mean
3.12 × 10−12
4.03 × 10−13
−13
Equal MME TIE-GCM
Standard Deviation 9.54 × 10
1.10 × 10−12
−12
RMS
3.26 × 10
1.17 × 10−12
−12
Mean
2.31 × 10
−3.03 × 10−13
−12
Weighted MME TIE-GCM Standard Deviation 1.08 × 10
1.33 × 10−12
−12
RMS
2.54 × 10
1.36 × 10−12
Using the MME as the initial condition in TIE-GCM provides a clear improvement in RMS error
compared to the standard run of TIE-GCM. Initially the model is well above the values, but this is due
to the large initial values in the MME (caused by the GITM ‘spin up’ time, along with the already large
TIE-GCM and NRLMSISE-00 values). However after approximately 20 hours the reported densities
show very low bias, and have variability close to the observations. In particular, the post-storm period
is modelled very accurately, and the RMS error of the new TIE-GCM run is smaller than the equally
weighted MME density RMS error. Using the MME as the initial conditions to TIE-GCM offers a 55%
reduction of the RMS error compared to the initial TIE-GCM runs from Section 4.
Figure 3b shows the neutral density from the CHAMP observations, the original TIE-GCM run, the
weighted combination MME and the results of rerunning TIE-GCM using the weighted MME as the
initial condition every six hours. Table 3 shows the errors of the reported densities from Figure 3b.
These figures show that using the weighted combination MME as the initial condition for TIE-GCM
also provide significant improvement. Before the storm onset the new TIE-GCM run gives a non-biased
result with variance close to that of the observations. However directly after the storm the output does
not follow the density values so well; for the remaining 50 hours (from hour 70 to 120) the TIE-GCM
result shows a smaller variability than that of the observations. Table 3 does however show that using
the weighted MME as the initial condition still offers considerable improvement over not using it and
the RMS error is reduced by 48%.

7

Conclusions

The current work shows the importance of multi-model ensembles for enhancing the forecast skill of
ionosphere-thermosphere models. Three models were considered, an empirical model (NRLMSIS-00)
and two physics-based models (TIE-GCM and GITM). The models’ output density is compared against
density fields from CHAMP, where all models are unable to match the observations. To improve the
density estimation, a multi-model ensemble averaging technique is applied and tested. Two approaches
for the MME are use, a simple model ensemble average where all models have the same weight, and
a weighted model ensemble average where each model is weighted according to its skill (discrepancy
between model and observation in an average sense). The results show a great improvement in both
cases, where the weighted average provided a slightly more accurate upper atmospheric density. The
multi-model ensemble is then used to initialize one of the physics-based models, TIE-GCM, to improve
its forecast skill. As with the previous case, the first experiment uses an MME with a simple ensemble
average to initialize TIE-GCM. This initialization shows a 55% reduction in RMS error over the previous
experiments. The weighted MME performs worse than the simple ensemble average MME, offering an
approximate 48% reduction in RMS error. There are a number of reasons for this worse performance.
Firstly, the scheme uses the model quiet time to generate the model weights which is then applied across
all time periods. A possible solution would be to use two different weighting schemes, one for quiet time
and one for storm time. A further approach would be to change the weighting scheme altogether and
adopt Reliability Ensemble Averaging (REA) [Giorgi and Mearns, 2002] that is often used to generate
MMEs in climatology studies.
For future work, as well as using different weighting schemes, the MME should be applied to the
GITM model to see if similar improvements are seen in the results. Also repeating the study during a
solar maximum time, when the solar inputs of the model become the main factor in determining the
model output, would show how much improvement using MMEs can offer.
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