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Abstract.  We introduce a thermosphere-model-agnostic parameterization of time-averaged 
conditions sampled by satellites in stable Low Earth Orbit (LEO). This method models the total 
thermospheric mass density or satellite drag acceleration at a given altitude as a linear 
combination of solar and geomagnetic energy input observables. Using satellite data we 
demonstrate that this approach results in the successful parameterization over altitudes from ~250 
to ~500 km with better than ~15% accuracy. Extrapolation of fit coefficients can maintain this 
accuracy in support of 7-day forecasts, enabling both improved drag predictions and a more 
straightforward quantification of uncertainties when provided with predicted energy inputs. This 
technique can be applied independently for each spacecraft in a constellation without the need for 
a global thermosphere estimator. 
 
Motivation 

Knowledge of the neutral mass density is critical for accurate prediction of satellites, in 
particular in Low Earth Orbit (LEO) where atmospheric drag can generate significant 
perturbations of spacecraft trajectories (see Bruinsma et al. [2023] and references therein). 
Models of the thermosphere are typically developed from the lens of scientific research, and aim 
to provide comprehensive estimates of the entire upper atmosphere [Jacchia, 1971; Picone et al., 
2002; Bowman et al., 2006,2008; Emmert et al., 2021]. Empirical data drive these models and 
they are often formulated using 81-day time-centered averages, which implicitly require 
historical data to maintain accuracy, limiting their use for prediction [Picone et al., 2002; 
Bowman et al., 2008]. Physics-based models (e.g., Ridley et al. [2006]) can be used for 
prediction, but require significant resources and detailed inputs in order to generate accurate 
results [Meng et al. 2020; Zhu et al. 2022]. Here we present a concept for parameterizing 
variations in neutral mass density observed by a satellite in LEO into its solar and geomagnetic 
sources. This method generates factors that can then be combined with predicted source terms to 
estimate future variations in the thermospheric state. Uncertainties in predictions of energy 
inputs can then be directly converted into uncertainties in neutral mass density. We focus here on 
orbit-averaged and daily-averaged variations. While there are significant changes in 
thermospheric mass density with latitude and longitude, accurate quantification of time-averaged 
variations for LEO satellites captures the net impact of drag on satellite trajectories on 
operationally relevant timescales. 
 
Approach 

Consider a satellite with known ephemeris and a known drag coefficient. Either Two-Line-
Element (TLE) tracking [Picone et al., 2005] or GNSS position and velocity data [Kuang et al. 
2014] can be used to infer the thermospheric mass density. It is not unreasonable to obtain 
accurate estimates within 24 hours, such that a ‘now-cast’ of the average state of the 
thermosphere along an orbit is readily achieveable. As a reference, here we leverage total neutral 
mass density data inferred from the GRACE-CHAMP-GOCE satellites corresponding to an 
altitude range of ~250 to ~500 km between 2000 and 2024 [Mehta et al. 2017; March et al., 
2019]. 
 
Thermosphere models commonly generate altitude profiles of neutral mass density using an 
exospheric temperature, i.e, the temperature at the top of the atmosphere. A larger temperature 



 

 

leads to larger scale heights for atmospheric species and therefore higher mass density at higher 
altitudes.  The Jacchia-Bowman (JB) models [Bowman et al., 2006,2008] utilize two types of 
energy input:  (1) solar UV, which tends to set the baseline level and varies at scales on the order 
of a solar rotation (i.e., 27 days) or longer, and (2) geomagnetic variations that cause variations 
on much smaller time scales. For the JB2008 model, solar UV inputs are scaled and combined 
from a variety of sources such as F10.7, SOHO/SEM, NOAA/SBUV, and GOES/XRS. The 
model then uses scalings of the Dst geomagnetic index to describe variations in exospheric 
temperature, though these factors depend on the size of the storm. Derived exospheric 
temperatures are scaled by correction factors such as day of year and solar activity to form a 
global thermosphere model. 
 
For operational purposes, there is a critical need to understand the current and near term satellite 
drag resulting from changes in the thermosphere. On shorter time scales and with operations at a 
near constant altitude, the complexities associated with seasonal and activity-based corrections 
are not needed. For a time period in the past defined by τ, the time-averaged (denoted by ‘<>’, 
here taken as either the orbit average or daily average) exospheric temperature can be 
approximated simply as, 
 

〈𝑇𝑇𝑒𝑒𝑒𝑒𝑒𝑒〉 ≈ 𝑎𝑎𝑎𝑎 + 𝑏𝑏𝑏𝑏 + 𝑐𝑐    (1), 
 
where S corresponds to the solar UV input energy, G corresponds to the geomagnetic input 
energy, and a, b, and c are constants. For a spacecraft that does not significantly change altitude 
(z) over the course of τ, we approximate that there is a near-linear relationship between 〈𝑇𝑇𝑒𝑒𝑒𝑒𝑒𝑒〉 
and 〈𝜌𝜌(𝑧𝑧)〉, such that, 
 

〈𝑇𝑇𝑒𝑒𝑒𝑒𝑒𝑒〉 ≈ 𝑑𝑑(𝑧𝑧)〈𝜌𝜌(𝑧𝑧)〉 + 𝑒𝑒(𝑧𝑧)   (2), 
 
where d and e are functions of altitude, and therefore constant for a given satellite that is not 
significantly decaying over time τ. Therefore, we can monitor variations in time-averaged total 
thermospheric mass density (𝜌𝜌) sampled by a given satellite as, 
 

〈𝜌𝜌〉 ≈ 𝑓𝑓𝑓𝑓 + 𝑔𝑔𝑔𝑔 + ℎ      (3), 
 
where f, g, and h are constants that are related to the a-e constants in equations (1) and (2).  
Application of equation (3) does not require direct knowledge of how exospheric temperature 
relates to mass density at different altitudes and is therefore thermosphere-model-agnostic. 
 
When applying a global thermosphere model, the uncertainty in 𝜌𝜌 can be challenging to 
determine due to the complex and highly non-linear relationship between the inputs and outputs. 
Fortunately, here uncertainties in 〈𝜌𝜌〉 can be readily estimated from uncertainties in S and G 
(defined as σS and σG, respectively), i.e., 
 

σ〈𝜌𝜌〉 ≈ �𝑓𝑓σ𝑆𝑆2 + 𝑔𝑔σ𝐺𝐺2      (4). 
 
One could alternatively solve directly for variations in 〈𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑〉 for a given satellite, which is the 
time-averaged acceleration due to thermospheric drag, calculated as, 



 

 

 
〈𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑〉 ≈ 〈1

2
 𝜌𝜌𝜌𝜌𝑣𝑣𝑠𝑠𝑠𝑠2 〉    (5), 

 
where vsc is the spacecraft orbital speed and B is the inverse satellite ballistic coefficient [Picone 
et al. 2005]. We assume vsc is well known from satellite tracking data. Here, B does not need to 
be solved for directly, but does need to be either stable over time τ.  Parameterizing drag 
acceleration results in a similar form to equations (1) and (3) but with different constant 
coefficients (𝛼𝛼, 𝛽𝛽, 𝛾𝛾), i.e., 
 

〈𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑〉 ≈ 𝛼𝛼𝛼𝛼 + 𝛽𝛽𝛽𝛽 + 𝛾𝛾    (6). 
 
As will be discussed, an additional scaling factor may need to be included in equation (6) to 
account for relative variations in B inferred from tracking and operations data. Such effects are 
not considered here. Significant variations of B over time interval τ would likely result in 
equation (3) being more applicable for implementation.  
 
Similar to equation (4), we can quantify the uncertainty in <adrag> in terms of the uncertainties of 
S and G as, 
 

σ〈𝑎𝑎〉 ≈ �𝛼𝛼σ𝑆𝑆2 + 𝛽𝛽σ𝐺𝐺2      (7). 
 
A summary of the proposed approach for predicting satellite drag compared to the traditional 
method is shown in Figure 1. Traditionally, the date, satellite position, and solar and 
geomagnetic activity indices (S and G, respectively) are input into a global thermosphere model 
to estimate total neutral mass density (ρ) and composition at a given location. Predictions of 
inputs whether through extrapolation, orbit propagation, or other methods, would be needed to 
generate estimates of ρ in the future. An estimate of the coefficient B over that time period 
(which may include thermospheric composition effects) as well as the satellite velocity would be 
used to generate an estimate of adrag, which describes the satellite drag acceleration. 
Uncertainties of adrag are not necessarily straightforward to generate since there are uncertainties 
in the prediction of both satellite positions and energy sources, as well as a highly non-linear 
relationship between model inputs and outputs. Alternatively, using past measurements of time-
averaged <adrag> or <ρ>, S, and G from time (t-τ) to time t, we generate model fit parameters (α, 
β, γ) or (f, g, h). These parameters are used to scale predictions of S and G to generate estimates 
of <adrag> or <ρ> and their uncertainties for current and future times. No forward-propagated 
satellite positions, nor absolute knowledge of the satellite drag coefficient B, are required, though 
relative changes in B may be needed to be incorporated if variations are significant over time τ. 
 



Figure 1. (a) Traditional approach to estimating satellite drag utilizing a global thermospheric model (adapted from 
Bruinsma et al. [2023]) for the case of a stable satellite B-factor not strongly driven by composition). (b) Alternative 
approach presented in this work that parameterizes past observations of drag acceleration or thermospheric mass 
density and energy source terms to generate predictions with readily quantified uncertainties.  

Proof of Concept 

A variety of sources can be used as S and G inputs. Here for S we use the daily-averaged E10.7 
index derived from TIMED/SEE data, which corresponds to the integrated EUV irradiance 
between 1 and 105nm. We low pass filter the solar energy input data with an RC time constant of 
48 hours to smooth data and incorporate a time lag between solar UV energy input and global 
thermospheric heating. This time constant was coarsely optimized to maximize fit accuracy for 
the example below. Other solar observables or indices (e.g., F10.7 index, SOHO/SEM, 
NOAA/SBUV, GOES/XRS) should also be suitable for use. The best performance is anticipated 
for observables associated with measuring solar UV flux, as these photons directly heat the 
thermosphere and generate increases in mass density at higher altitudes [Bowman et al., 2008]. 

The JB2008 model uses Dst as its equivalent of G as it is well correlated with enhancement in 
neutral density [Bowman et al., 2008]. However, there are several other options that may result 
in improved performance, in particular for predictions. For example, Weimer et al. [2011] 
describes a replacement for the G term in JB2008 that utilizes interplanetary magnetic field and 
solar wind data. In addition, as shown in Figure 2, total field-aligned current (FAC) or total 
precipitating electron current can also serve as inputs for G because they correlate well with 
short term density enhancements. Here the total FAC is provided by AMPERE, which fits 
perturbations of magnetometer data from the Iridium satellites at 780 km from a reference IGRF 
magnetic field model with spherical harmonics to estimate global and spatially-resolved field-
aligned current densities [Anderson et al. 2000]. The AMPERE-approach should be feasible to 
implement for other LEO constellation with magnetometers (e.g., Parham et al. [2019]), and 
likely with lower latency than the public release of AMPERE data products. Precipitating 



electron current can be calculated from the SSJ instrument on the DMSP satellites using their 
auroral precipitation data product (Redmon et al., 2017). Here, we calculate orbit-averaged 
latitudinal averages of electron flux from the F16, F17, and F18 active DMSP satellites. We then 
integrate over each hemisphere to estimate the total precipitating electron current. This electron 
current, as shown in Figure 2 is well correlated with the total AMPERE-derived FACs. Current 
enhancements precede an increase in thermospheric mass density by several hours during major 
storms providing a predictive capability during times when the drag hazard is at its highest 

Figure 2. (a) AMPERE-derived total FAC, (b) 
DMSP/SSJ-derived total electron current, and (c) 
GRACE-derived total thermospheric mass density at 
470 km for a geomagnetic storm in August 2011. Both 
currents correlate well with variations in mass density 
and large currents precede major enhancements in 
density by several hours. 

For an initial demonstration, we choose to use the total FAC inferred from AMPERE to represent 
G. To precondition the FAC data, we average together the AMPERE-provided upward total
currents in the northern and southern hemispheres, time-average to match the mass density time
series cadence, subtract off a quiet-time offset determined to be ~0.5MA, and perform low-pass
filtering with a RC time constant of 18 hours to smooth data and account for a lag between
energy input and increases in thermospheric density. This time constant was coarsely optimized
to maximize fit accuracy for the example below. Geomagnetic indices (e.g., Dst, AE, Ap),
global-averaged electron precipitation (e.g., DMSP/SSJ), or the Weimer et al. [2011] model also
should be suitable for use. Finally, we will use estimates of <ρ> from the GOCE-CHAMP-
GRACE satellites [Mehta et al. 2017; March et al., 2019].

For each data point t, we generate historical time series between time t-τ and time t of <ρ>, S, 
and G, where τ = 27 days for this example. We then perform a least-squares fit using equation 
(3) to solve for coefficients f, g, and h that will be used to parameterize the total neutral mass



density at time t. Because the G time series has a small residual offset (due to quiet-time offset 
removal described in the previous paragraph), it does not generate a strong contribution to h. We 
can therefore approximate the solar and geomagnetic contributions to variations in mass density 
as ‘fS+h’ and ‘gG’ respectively. This parameterization is illustrated in Figure 3 for two intervals 
(4/1/2010-7/1/2010 and 4/1/2024-7/1/2024). This simple fit successfully captures the variability 
in the orbit-averaged thermospheric mass density. We use the root-mean-square percentage error 
as a goodness-of-fit metric, defined as, 

RMSPE = 100% ∙ �
∑ �1−

〈𝜌𝜌〉𝑓𝑓
〈𝜌𝜌〉𝑚𝑚

�
2

𝑛𝑛
𝑖𝑖=1

𝑛𝑛
       (8), 

where n is the number of data points in time τ and 〈𝜌𝜌〉𝑓𝑓 and 〈𝜌𝜌〉𝑚𝑚 are the fit and measured values 
of 〈𝜌𝜌〉, respectively. These results demonstrate the suitability of simple solar UV and 
geomagnetic activity observables for accurately modeling orbit-averaged variations in 
thermospheric mass density within ~10-15%. 

Figure 3.  (a) low-pass-filtered E10.7 index (i.e., S in equation (3)) from TIMED/SEE integrated EUV irradiance 
from 1 to 105nm, (b) low-pass-filtered total field-aligned current (i.e., G in equation (3)) from AMPERE, (c) 
thermospheric mass density (i.e., <ρ> in equation (3)) from GOCE, CHAMP, and GRACE for two four month 
intervals (4/1/2010-7/1/2010 (left) and 4/1/2024-7/1/2024 (right)). The results of the model fit to equation (3) are 
included using intervals of τ = 27 days.  The orbit-averaged variations of neutral mass density (black curve) at 
different altitudes are well captured by the combination of solar and geomagnetic terms (blue curve), even during 
extreme geomagnetic storms such as the Gannon storm on May 10-11, 2024 observed by GRACE-FO.  Solar-only 
contributions to the neutral mass density are indicated by the red curves. Root Mean Square Percentage Error 
(RMSPE) calculated between the blue and black curves are included for each satellite. 



To evaluate the effectiveness of the presented technique for scaling predictions of S and G, we 
repeat the fits used to generate Figure 3 for different sets of time windows. For a given time t, we 
determine parameters f,g, and h using data between t – ẟτ and t+(1-ẟ)τ. For ẟ = 0, current and 
future data is used to determine fit parameters (i.e., times between t and t+τ). For ẟ = 0.5, the fit 
is centered on the current time (i.e., times between t-τ/2 and t+τ/2). For ẟ =1, which was used to 
generate Figure 3, past and current data is used (i.e., times between t-τ and t). Finally, for ẟ>1, 
only past data is used. A value of ẟ=1.259 corresponds to a 7 day prediction interval (i.e., only 
data from t-34 days to t-7 days is used to estimate scaling parameters that would be used for 
time t). RMPSE as a function of ẟ is shown in Figure 4 for the intervals above using τ = 27 days. 
The minimum error occurs near center-averaged case of ẟ≈0.5. The result remains accurate to 
within 15% for ẟ < 1.259 in all cases, demonstrating the viability of utilizing fit parameters 
derived from past data in support of future predictions 

Figure 4. RMSPE as a function of ẟ for the GOCE-
CHAMP-GRACE satellites for the intervals shown in 
Figure 3. The more accurate parameterization fit occurs 
near the time-centered case of ẟ≈0.5. The ẟ values 
corresponding to 1-day, 3-day, and 7-day prediction 
intervals are indicated as vertical dotted lines.  

Finally, we present an example application of our technique for the parameterization of <adrag> 
from commercial LEO satellites. Here we use the publicly available daily TLE tracking data 
from https://ephemerides.planet-labs.com for the ‘SKYSAT C10’ and ‘SKYSAT C14’ satellites 
for 11/1/2023 through 8/1/2024. As shown in Figure 5, we apply the method developed by 
Picone et al. [2005] to derive daily-averaged <adrag> for each spacecraft and use E10.7 and 
AMPERE-based observables to model the energy sources S and G, respectively. We then solve 
for coefficients α, β, and γ in equation (6) using τ = 27 days and ẟ = 1 to estimate <adrag> at time 
t. The RMSPE of the model fits are ~10-15% for both satellites over this interval despite having
no a priori knowledge of spacecraft attitude, maneuvers, or B-factors.

https://ephemerides.planet-labs.com/


Figure 5.  (a) low-pass-filtered E10.7 index (i.e., S in equation (3)) from TIMED/SEE integrated EUV irradiance 
from 1 to 105nm, (b) low-pass-filtered total field-aligned current (i.e., G in equation (3)) from  AMPERE, and (c) 
altitude and (d) drag acceleration (<adrag>) for two commercial LEO satellites (SKYSAT C10 and SKYSAT C14). 
The orbit-averaged variations of drag acceleration (black curve) at different altitudes are well captured by the 
combination of solar and geomagnetic terms (blue curve). Root Mean Square Percentage Error (RMSPE) calculated 
between the blue and black curves are included for each satellite. No independent of determination of the total 
thermospheric mass density or the satellite B-factor was needed to accurately parameterize variations in <adrag> in 
terms of solar and geomagnetic drivers.  

Discussion 

The choice of averaging interval time τ will impact the performance of both the model fit and the 
extrapolation quality. At low values of τ, the model will overfit the data such that reduced fitting 
errors are expected, but the ability to extrapolate the coefficients to obtain meaningful results for 
future data becomes limited. At increasingly larger values of τ, a constant set of model 
coefficients will not be able to describe the variability, in particular as effects associated with 
spacecraft altitude changes and seasonal/secular variability in the thermosphere become more 



significant. A reasonable choice in τ can also compensate for systematic variations in the 
observables themselves that occur over time (e.g., degradation in TIMED/SEE over several 
decades of operations). The examples shown here correspond to τ = 27 days, i.e., a single solar 
rotation, which was coarsely selected to balance these factors. A more detailed sensitivity study 
should determine the optimal value of τ for a given implementation. Finally, it may be possible 
to incorporate additional terms into equations (3) and (6) to compensate for some of these 
longer-term variabilities, as well as for other effects such as altitude-variability. 

Changes in satellite attitude may result in significant changes to its B-factor over the course of 
interval τ. An overall scaling of equation (6) based on estimated relative variations in B 
associated with known attitude changes could compensate for these effects. The advantage of the 
presented technique here is that even for the case where these relative variations need to be taken 
into account, absolute and fully independent determinations of B and ρ are not required in order 
to generate future predictions. Thermospheric composition may also contribute to changes in B, 
which is less straightforward to correct for. However, for short intervals, only during the most 
extreme storms are such changes likely to systematically bias the parameter fits. 

Improved energy source observables will enable improved model fits. Additional pre-
conditioning of data may also lead to improved performance for a given observable, in particular 
optimizing the time lags, averaging, filtering, compensating for the potentially non-linear 
response of the thermosphere to large energy inputs [Weimer et al. 2011] or modeling the 
intensity-dependent cooling times of the thermosphere to its previous state [Zesta and Oliveira, 
2019]. Extrapolation quality may be improved through more careful trending of previous model 
fits or adjustments of τ as discussed. Techniques to provide future predictions of energy source 
observables are beyond the scope of this initial work. However, we note that if the uncertainty in 
these predictions can be quantified, it is straightforward to propagate uncertainties in S and G 
terms into satellite <ρ> and <adrag> per equations (4) and (7). Our approach therefore provides 
drastically simplified quantification of uncertainties in predicted thermospheric mass density 
compared to those generated using global thermosphere models. 

Successful application of the presented technique to a constellation of LEO spacecraft could be 
leveraged to interpolate or extrapolate values of thermospheric mass density to multiple orbit-
planes and/or altitudes. These values could be used to constrain a global thermosphere model as 
appropriate, in particular to aid in the inference of composition at lower altitudes. In addition, fit 
parameters initial calculated from daily-averages derived from TLE-data can be used to scale 
hourly S and G observables. This scaling results in a set of finer resolution, orbit-averaged 
estimates of satellite drag even in the absence of high-cadence tracking data. 

Geomagnetic energy input is localized at high-latitudes, leading to localized heating and 
enhancements of thermospheric mass density. These enhancements then propagate to lower 
latitudes, resulting in a globally increased thermospheric temperature within a few hours 
[Weimer et al. 2023]. While the physics of this redistribution process is highly complex and still 
under active study, the use of orbit-averages here largely mitigates the impact of these spatially 
localized uncertainties. If quantification of neutral density variations along a satellite orbit is 
needed, the methodology presented here could be used to constrain or scale a more 
comprehensive thermosphere model using data assimilation techniques. 



Finally, the calculation of FACs from magnetometer data requires ground processing and 
detrending, limiting its use on-orbit. However, an in situ electron sensor could provide an on-
board warning for impending increases in satellite drag based on its measured fluxes. Although 
the two observables can serve as interchangeable sources of G for the drag predictions presented 
here, global maps of field aligned currents and electron precipitation would exhibit significantly 
different spatial structures and could potentially be combined together to directly solve for the 
full electrodynamics of the upper atmosphere, including ionospheric conductivity, electric field, 
convection patterns, and Joule heating [Weimer et al. 2005; Newell et al., 2009; Robinson et al., 
2021]. 

Concluding Remarks 

We have developed a technique to parameterize and extrapolate orbit-averaged variations in 
neutral mass density and satellite drag acceleration into its solar and geomagnetic drivers without 
the need for a global thermosphere model. In the examples provided using both science and 
commercial satellite data from altitudes ~250km to ~500km, this approach can achieve better 
than ~15% accuracy averaged over a given satellite orbit. In addition, we demonstrate that this 
accuracy is maintained for the application of model fit coefficients for t+7 day forecasts. 
Therefore, prediction uncertainties should be dominated by errors in energy source predictions 
and can be more readily quantified. The presented approach naturally anchors predictions to 
‘now-cast’ observations, ensuring that systematic biases in altitude, seasonal, and solar activity 
present in global thermosphere models are mitigated. 

Acknowledgements. This work was supported by NASA Heliophysics. We gratefully 
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