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Abstract.  We present a framework to achieve near real-time (NRT) monitoring of the Low 
Earth Orbit (LEO) environment using publicly available data. We first assimilate Two-Line-
Elements (TLEs) from thousands of ballistically stable LEO objects to parameterize the shape 
and scale of the global atmosphere from the past ~24 hours. When compared to available 
reference data from 2014 to 2026, our estimates are shown to have an accuracy of ~10-20% for 
altitudes between 200km and 600km during even the most extreme geomagnetic storms. We then 
parameterize variations in mass density using solar and geomagnetic activity indices, enabling 
extension of the TLE-derived solution through short-term forecasts. Our approach enables 
actionable nowcasts and forecasts of the upper atmosphere for the broader LEO community.  
 
1. Introduction 

Drag acceleration forces acting on objects in Low Earth Orbit (LEO) by the upper atmosphere 
lead to orbital decay. As a growing number of satellites are launched into space, the need for 
accurate tracking and orbital prediction becomes increasingly critical [GAO Report GAO-22-
105166, 2022]. Orbit propagation is complicated by the dynamic response of the upper 
atmosphere [Oliveira and Zesta, 2019]. When the upper atmosphere is heated, the density in 
LEO orbits increases. Depending on the energy source, global increases in satellite drag can vary 
slowly over weeks or as rapidly as a few hours [Zesta and Oliveira, 2019; Oliveira et al. 2025]. 
Uncertainties in the upper atmospheric state lead to uncertainties in object orbit determination, 
which in turn lead to increased complexity in collision avoidance, station-keeping, and tracking 
[Burke, 2018; Thayer et al. 2021; Berger et al. 2023; Bruinsma et al. 2023a]. 
 
There are a number of currently available models that enable forecasts of the atmospheric state, 
varying from physics based (e.g., WAM-IPE [Akmaev, 2011; Maruyama et al. 2016], GITM 
[Ridley et al. 2006]), fully empirical (e.g., JB2008 [Bowman et al. 2008], NRLMSISE-00 
[Picone et al., 2002], NRLMSIS2.0 [Emmert et al., 2021a], MSIS-UQ [Licata et al. 2022]) to 
semi-empirical (e.g., DTM 2020 [Bruinsma and Boniface, 2021]) and data-assimilation scaled 
empirical (e.g, HASDM [Storz et al. 2005]). Models that do not incorporate near real-time data 
assimilation to anchor the density suffer from significant systematic uncertainties during 
geomagnetic storms [Kalafatoglu Eyiguler et al., 2019; Bruinsma et al., 2021; Bruinsma and 
Laurens, 2024; Wang et al., 2026], limiting operational applications. Most of these models 
provide the full atmospheric spatial structure as functions of latitude and longitude and altitude. 
While spatial structure (latitude, longitude, local time) can modulate individual satellite drag, 
globally-averaged altitude profiles nonetheless provide actionable insights for operations focused 
on orbit-average or multi-day impacts of orbital decay. 
 
The current standard for operational quality is the HASDM model [Storz et al. 2005], which 
assimilates proprietary tracking data from the U.S. Space Force for a set of calibration satellites 
into a thermospheric model. Originally HASDM was built around the J70 empirical model 
[Jacchia, 1970] and now scales JB2008 [Bowman et al. 2008]. Operational application of 
HASDM is highly restricted, with only archival data available for public scientific use. 
Alternatively, Two-Line-Element (TLE) tracking data [Vallado et al. 2006] are publicly 
available and updated several times per day by U.S. Space Force (via Space-Track.org) for all 
NORAD-tracked objects. These TLEs are produced by fitting tracking observations through the 
SGP4 orbital propagator model with estimated accuracies around the element epoch to be on the 



 

 

order of ~1-3km [Vallado et al., 2006]. While TLE data are inherently noisier than precise 
tracking of HASDM, the sheer quantity of data can be used to reduce noise, assuming objects 
that are experiencing free orbital decay can be clearly identified from the broader TLE database. 
TLEs have previously been used to derive historical models of the atmosphere (e.g., TLE2021 
[Emmert et al. 2021b]) comparable with HASDM at the daily-mean level [Bruinsma et al. 
2023b], but not designed for NRT applications. The release latency between TLE observation 
epoch and public availability is typically several hours (up to ~24 h), fundamentally limiting 
their direct real-time use. 
 
However, proxies for the energy sources that drive the upper atmospheric state are available in 
NRT. These data are comprised of solar and geomagnetic activity indices corresponding to the 
heating of the upper atmosphere by solar EUV and auroral zone particle precipitation, Poynting 
flux, and Joule heating. Indices such as F10.7, E10.7, ap, Kp, and Dst are used as inputs into 
empirical models to predict atmospheric density profiles. The impact of each energy source on 
the state of the upper atmosphere is highly complex and non-linear, exhibiting significant 
seasonal and solar cycle variations [Emmert, 2015; Emmert et al., 2021b;  Bowman et al., 2008]. 
However, the average response of the upper atmosphere is fairly linear with energy input on 
shorter time scales (i.e., weeks), especially when considering the orbit-averaged drag 
acceleration experienced by an individual satellite [Gershman, 2026a,b]. Parker and Linares 
[2026] also demonstrated a direct relationship between energy inputs and drag acceleration 
experienced by a given object in LEO without the need for a fine-structured global atmospheric 
model. A well-established parameterization of atmospheric mass density in terms of energy 
inputs will remain valid for several days, enabling extrapolation of the global atmospheric state 
from a solid anchor point [Gershman, 2026a]. 
 
Here we develop a process for enabling NRT monitoring of the upper atmosphere. First, in 
section 2, we present a method to estimate daily global averages of thermospheric mass density 
profiles using publicly available TLEs. In section 3 we benchmark our recovered atmospheric 
state from 2014 through 2026 against available reference data. Next, in section 4 we develop a 
second-pass augmentation for the solver to provide 6 hr temporal resolution for more recent 
(2022+) epochs. Finally, in section 5 we leverage the recent Gershman [2026a,b] 
parameterization of mass density at a fixed altitude from energy input indices to extrapolate the 
TLE-based profiles to NRT latencies. 
 
2. Deriving Global-Averaged Mass Density  

2.1 Calculating Drag Acceleration  
 
In the absence of significant atmospheric motion, the drag acceleration term of an object in LEO 
can be approximated as,  
 

𝒗𝑫ሶ ൎ െ ଵ

ଶ
𝜌𝐵𝑣ଶ𝒆𝒗       (1), 

 
where 𝒗𝑫ሶ  is the drag acceleration vector, and 𝒆𝒗 is the object’s unit velocity vector, v is the 
object’s orbital speed, ρ is the mass density of the atmosphere, and B is the inverse ballistic 
coefficient defined as,  
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where CD is the drag coefficient, A is the effective area of the object, and m is the object mass.   
 
Following the initial derivation by Picone et al. [2005], we can generate daily-averaged drag 
accelerations from object tracking data as, 
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    (3), 

 
Here, v is the speed of the object, μ is the gravitational parameter (3.986004418x1014 m3/s2 for 
Earth), and  <> denotes a daily average.  For simplicity we will not explicitly include <> notation 
going forward, but note that all time-varying quantities here correspond to daily-averaged 
parameters. In our implementation, 𝑣஽ሶ  are calculated from publicly available Two-Line-Element 
(TLE) data. The derivation of these drag accelerations does not require any assumption about 
object ballistics or atmospheric properties. 
 
2.2 Identification of Ballistically Stable Objects 
 
From Gershman [2026a,b], variations in 𝑣஽ሶ  for an near-circular object experiencing orbital 
decay are well-represented by a linear combination of the variations in the solar (S) and 
geomagnetic (G) energy inputs into the upper atmosphere, i.e.,  
 

|𝑣஽ሶ | ൎ exp ቀି
ሺ௭ି௭೚ሻ

ு
ቁ ሺ𝛼𝑆ሺ𝑡ሻ ൅ 𝛽𝐺ሺ𝑡 െ 𝑇௢ሻ ൅ 𝛾ሻ        (4) 

 
where z is the object’s altitude, zo is a reference altitude at the start of the fit window, and 𝛼, 𝛽, 
𝛾, 𝑇௢, and 𝐻 are constant parameters over the fit window. The exponential term allows for a 
scale-height (H) varying atmosphere to accommodate low altitude satellites experiencing re-
entry. To encodes a time delay between the energy input and the atmospheric response.    
 
Equation (4) will not provide a suitable approximation for 𝑣஽ሶ  during active maneuvers such as 
altitude station-keeping or significant variations in attitude that impact a satellite’s A/m ratio. For 
example, Starlink satellites, which undergo tremendous numbers of station-keeping maneuvers 
[Berger et al., 2023; Fitzpatrick et al., 2025] that are too frequent capture in daily-averaged 
TLEs are not well modeled by this parameterization. We use low-pass-filtered F10.7 (48h time 
constant) and AE (9h time constant) indices for S and G, respectively, as these data are available 
with manageable latency and over long observational baselines. The AE index, being sensitive to 
low level magnetic fluctuations in the auroral zone is particularly well-suited to fit subtle 
variations in 𝑣஽ሶ  during on short time scales during both solar minimum and solar maximum 
conditions [Rostoker, 1972]. A ‘root mean square percentage error’ (RMSPE) metric of  <0.15 
was adopted as our quality fit criterion. We apply a 27-day (i.e., one solar rotation) fit window to 
all tracked objects with near-circular orbits (i.e., eccentricities <0.01), mean altitude less than 
500 km, and altitude changes less than 2 km/day. As shown in Figure 1, there are 1000+ objects 
each day that meet this goodness of fit criteria in recent epochs. This approach results in the 



 

 

automated generation of a database of ballistically stable objects that can be used to aid 
atmospheric inversion efforts.    
 
 

 
Figure 1.  Overview of ballistically stable LEO objects from January 2014 to March 2026 used to solve for 
variations in the upper atmosphere organized by (a) altitude, (b) LTAN,  (c) inclination, and (d) the total number as a 
function of time. At present there are 1000+ objects each day across a wide variety of orbits whose measured drag 
accelerations are highly correlated with energy inputs.  
 
 
  



 

 

2.3 Solving for the Relative Atmosphere 
 
In order to constrain atmospheric variation with altitude (z), we adopt the J70 model [Jacchia, 
1970], where a single temperature Teff (nominally the value at the top of the atmosphere) 
parameterizes the shape of ρ(z). Other models (e.g., MSIS) would also be suitable here, with the 
only requirement that their average altitude profile shape be parameterizable. Because we are not 
aiming to resolve the density profiles of individual species, Teff is not necessarily a physical 
temperature but rather an altitude ‘shape’ parameter. We also define a ‘scale’ parameter, C, such 
that, 
 

𝜌ሺ𝑧ሻ ൎ 𝐶 𝜌௃଻଴ሺ𝑧,𝑇 ୤୤ሻ/ 𝜌௃଻଴ሺ𝑧୰ୣ୤,𝑇 ୤୤ሻ.        (5) 
 
C is therefore the effective mass density at reference altitude zref, taken here as 400km.  
 
We combine equation (1) and (5) and take the logarithm of both sides to form a set of  equations 
for a given satellite i, 
 

log ቚଶ௩ವഢ
ሶ

௩೔మ
ቚ െ log〈𝐵௜〉 െ log𝐶 െ log 𝜌௃଻଴ ሺ𝑧௜ ,𝑇 ୤୤ሻ ൅ log𝜌௃଻଴ ሺ𝑧୰ୣ୤,𝑇 ୤୤ሻ ൎ 0     (6) 

 
where 𝑣஽పሶ , vi , and zi are the daily averaged quantities per satellite i,  〈𝐵௜〉 corresponds to the 
average inverse ballistic coefficient over all observations per satellite, and C and 𝑇 ୤୤ are daily-
varying parameters that describe the atmospheric profile. Equations of the form (6) are then put 
into a non-linear least squares solver to determine per satellite 〈𝐵௜〉 and per day C and 𝑇 ୤୤. As 
shown in Figure 2, this fit results in a relative global atmospheric density profile as a function of 
time. A single overall constant (here, 1.6063) is then applied to scale this relative solution to 
absolute units, which was chosen to minimize systematic errors between the model and available 
reference data.  
 
 



 

 

 
Figure 2. (a) Solar (F10.7) and (b) geomagnetic (AE index) energy sources used to parameterize drag acceleration 
for LEO objects and aid in the filtering of ballistically stable objects suitable for use in the atmospheric inversion 
solver. (c) Global-average daily atmospheric density from 200km to 600km calculated using publicly available 
TLEs. Satellites from all LTAN and inclinations bins are from Figure 1 are included in the global average. 
 
3. Daily-Averaged Model Validation 

Now we compare our daily-averaged ρ(z) profiles with available reference data, namely: (1) the 
TLE2021 model, (2) spacecraft-derived in situ mass densities from GRACE, and (3) a selected 
set of HASDM intervals. As discussed by Bruinsma et al. [2023], there are systematic 
uncertainties associated with all datasets, some of which are not fully quantified or understood, 
though all being in agreement to ~20% of one another. We will demonstrate that our model 
results are ‘in-family’ with these references. 
 
3.1 TLE2021 
 
The TLE2021 [Emmert et al. 2021b] is a TLE-derived dataset of global-average density at 10 
fixed altitudes from 200km to 575km between 1967 and 2019. The model is intended to provide 
a long-term reference for thermospheric variability. First, model dependent (NRLMSISE-00) 
ballistic coefficients are calculated for each object, and calibrated against a set of ~200 reference 
objects. The corresponding density ratios are then used to fit global NRLMSISE-00 averages. As 



 

 

shown in Figure 3, we can compare our daily averages from 2014 to 2019 with those from 
TLE2021. We find mean (μ) and standard deviation (σ) ratios between the models at altitudes 
250km, 400km, and 575 km of -3.8±14.7%, -0.2±8.0%, and -2.0±12.6%, respectively, indicating 
good agreement, with higher variability expected here due to the effective averaging over ~3 
days for most data points in TLE2021.  
 

 
Figure 3. Mass density at (a) 250 km, (b) 400km, and (c) 575km calculated from 2014 through 2019 from TLE data 
using the technique described here (red dots) and from the TLE2021 model (black dots) from Emmert et al. [2021b].  
The ratio between the the two model is shown in (d). Overall there is good agreement between the two estimates of 
thermospheric mass density. 
 
3.2 GRACE 
 
The GRACE satellites use precise accelerometers and carefully-modeled spacecraft drag 
coefficients to derive neutral mass density at ~10s cadence along-track. While there are 
significant variations associated with spatial structure along orbit, daily-averaged data provides a 
solid absolute density reference. In Figure 4 we show a comparison between our model and 
daily-average GRACE data. We find ratios of 6.6±21.8% and 1.1±25.0% for the GRACE A and 
GRACE-FO satellites, respectively. The larger variability observed here (our model vs GRACE) 



 

 

compared to Section 3.1 (our model vs. TLE2021) model is attributed to comparing a single-
spacecraft along-track density for GRACE with a global average. 
 

 
Figure 4. (a) Mass density calculated here (red dots) and those measured by GRACE A (black dots) and GRACE-
FO (gray dots) from 2014 to present. (b) Altitude and (c) LTAN of each satellite are shown, as well as (d) the ratio 
between our model and the reference data. Because GRACE satellites sample along an orbit rather than a global 
average, there are periodicities in the comparison, though the baseline level is in agreement.  
 
3.3 HASDM 
 
HASDM provides 3 h mass density from 175 to 825km in 25 km bins over a 10o in latitude and 
15o in local time solar grid [Storz et al. 2005]. Although its operational data products are not 
public, historical data is available for reference. Here, as shown in Figure 5, we perform daily 
and global averaging of the HASDM data for three 6 month intervals, each of which representing 
a different phase of the solar cycle (declining phase, solar minimum, solar maximum). At 
altitudes of 250km, 400km, and 575km we find differences of ≲15%, summarized in Table 1. 
The largest discrepancy occurs at low altitudes, consistent with that reported by Bruinsma et al. 
[2023] for a systematic TLE2021-HASDM comparison.   
 



 

 

 
Figure 5. Six month intervals set during (left) the declining phase of the solar cycle, (middle) solar minimum, and 
(right) solar maximum. Mass density profiles from our model (red curve) and HASDM (black curve) are shown for 
(a) 250km, (b) 400km, and (c)  575km, with the ratio between them shown in panel (d). There is overall agreement 
between the two models, in particular with the day-day variability, with the largest systematic discrepancy of (~10-
15%) observed at low altitudes.  
 
Table 1. Comparison of our model with globally averaged mass densities from HASDM for the three example 
intervals shown in Figure 5.  
Altitude (km) Declining Solar Min Solar Max 
250 -15.4±9.7% -13.6±11.2% 10.7±3.8% 
400 -4.7±8.4% -2.4±10.0% -4.5±6.7% 
575 2.8±14.6% -11.2±9.4% 0.4±11.5% 

 
 
4. Achieving Sub-Daily Time Resolution 

The data derived in Section 2 uses daily averaging, which was found to be necessary to achieve 
quality measured 𝑣஽ሶ  values from TLE data. However, many LEO objects have multiple TLEs 
released per day, each of which encodes valuable information about the sub-daily variations in 
drag acceleration in the form of its reported B* values. B* is a fit parameter in the SGP4 orbit 
propagator that combines the satellite’s effective drag A/m ratio with a fixed reference density, 
absorbing both the ballistic coefficient and any mismatch between the true atmospheric density 
and SGP4’s internal density model. This coupling complicates its direct use in the atmospheric 
inversion described in Section 2. However, on short time scales, in particular for ballistically 



 

 

stable satellites with minimal changes in altitude, variations in B* should be proportional to 
variations in ρ. Anchored by the daily-averaged mass density profiles validated in Section 3, we 
can leverage sub-daily B* data to recover finer time resolution variations in the upper 
atmosphere.   
 
We identify a focused subset of satellites from Figure 1, i.e., those with mean altitudes between 
400-450km and decay less than 0.5 km/day in a given 27 day window. These objects are not only 
ballistically stable but also require minimal relative altitude scaling to our reference altitude zref.  
As an example, in Figure 6 we show B* values from 86 such satellites in May 2024. The sets of 
B* values exhibit similar variations but with different overall scaling per satellite. We use daily-
averaged Teff to scale measured B* data to zref and then scale each day’s altitude-adjusted B* 
values to match the daily-averaged density C (from eq. 5).  After taking the median across all 
satellites for  within a specified time cadence (e.g., 6h), we recover a sub-daily C time series.  
  
 

 
Figure 6. (a) Raw B* values for the month of May 2024 for 86 satellites used in the high altitude pool.  Variations 
track each other but at different levels ordered by their inverse ballistic coefficient (colors derived via daily average 
model).  Raw values are then corrected for (b) altitude and (c) daily scalings derived from the daily-average fit to 
recover a high time resolution time series in (d) at a reference altitude.  
 
To recover the sub-daily altitude profile of the atmosphere, we make use of the fact that on short 
time scales, the shape and scale of the atmosphere at zref are linearly related (i.e., ∆C is 
proportional to ∆Teff). As demonstrated in Figure 7, which shows daily-averaged C and Teff for 
May 2024, this approximation holds even during the extreme Gannon Storm, where Dst reached 
-412 nT [Hayakawa et al., 2025]. By enforcing this best-fit linear relationship, we can use sub-
daily C to calculate corresponding Teff parameters, resulting in fine time resolution altitude 
profiles of mass density.  
 
 
 
 
 
 



 

 

 
 
 
 
Figure 7. C vs Teff parameters as derived from the 
daily-average solver for May 2024. Data are well 
correlated and well-represented on this short time 
scale by a linear relationship (red line) that can be 
used to connect within-day variations in altitude 
profile shape with variations in altitude profile scale, 
and vice versa.  
 
 
 
 
 

 
 
We can validate our recovered 6h data product with global-averaged HASDM data, analogous to 
the comparison in Figure 5 at higher cadence.  As shown in Figure 8, we find percent differences 
of (-14.6±3.6%, -10.5±4.3%, -7.9±5.1%, -4.0±7.0%, -0.7±9.3%, 1.6±11.8%) at altitude bins of 
(200km, 250km, 300km, 400km, 500km, and 600km), respectively, on par with the 
corresponding daily-averaged metrics. 

 
 
 
 
 
Figure 8. Daily-averaged model augmented with sub-
daily TLE B* variations averaged to 6 hours (red 
curves) and corresponding HASDM  (black curves) 
data for May 2024. As with the daily averaged 
comparison in Figure 5, there is solid agreement 
between the two models even during the extreme 
Gannon Storm on May 11, with the largest systematic 
discrepancy (~15%) at low altitudes.  
 
 
 
 
 
 

 
Application of this technique requires a sufficient number of satellites to be both ballistically 
stable and in the right range of altitudes. We find that sub-daily variations become regularly 
possible to recover for epochs after 2022, enabling their use for current operations. 
 



 

 

5. Density Extrapolation to Near Real Time  

The TLE-derived density model discussed in Sections 2 through 4 will provide the state of the 
atmosphere with ~24 h latency. To extrapolate these densities to the current epoch, we again 
utilize the Gershman [2026a,b] approach, used here not to filter objects but rather to parametrize 
variations in ρ in terms of solar and geomagnetic energy sources. We model the daily-averaged 
density ρ at zref using,  
 

𝜌 ൎ 𝜌௦ ൅  𝜌ீ  ൎ ሺ𝑎𝑆 ൅ 𝑐ሻ   ൅ 𝑏 𝐺   (7) 
 
where a, b, and c are the set of fit parameters at a fixed altitude and 𝜌௦ and 𝜌ீ are the densities 
associated with solar and geomagnetic input, respectively.  We fit on daily-averaged ρ for 
coefficient stability; finer-cadence evaluation is performed by substituting higher-cadence 
drivers post-fit. To ensure anchoring to the most recent data, we use a 7d fit window ending with 
the last available daily average.  
 
Unlike the filter in Section 2.2 (which uses longer-baseline F10.7 and AE indices), NRT 
extrapolation requires drivers with low operational latency, so we substitute GOES EUVS 
[Eparvier et al., 2009] for solar and ap [Matzka et al. 2021] for geomagnetic input. We sum 
GOES-R EUVS irradiance across its 256Å, 284Å, and 304Å channels, daily-average, and apply 
a 48h low pass filter (LPF).  We take ap, available approximately 30 minutes after each 3h 
observation window, assume persistence to the current epoch, daily-average, and apply a 9h 
LPF. The 9-h smoothing window is wide compared to the latency between the most recent ap 
measurement and the current epoch (<3.5 h), so persistence-assumed values introduce minimal 
error in G. 
 
Once the fit parameters a, b, and c are recovered, we apply them to the highest available cadence 
S and G data, resulting in a fine time resolution estimate of 𝜌 at zref. Finally, we leverage the 
linear relationship between C and Teff calculated over the fit window to recover full altitude 
profiles of 𝜌 up to the current epoch. Examples of the fit and extrapolation are shown in Figure 9 
for quiet (Nov-Dec 2022) and active (Apr-May 2024) periods. As expected, the data are well 
parameterized by a linear combination of energy inputs over the 7d fit window, and minimal 
distortions are observed when extrapolating up to 36 h.  
 
 



 

 

 
Figure 9. (a) Solar driver S (GOES EUVS), (b) geomagnetic driver G (ap index), and mass density at (c) 250 km, 
(d) 400 km, and (e) 575 km during a quiet interval (Nov-Dec 2022, left) and an active interval (Apr-May 2024 
Gannon storm, right). Reference 6 h densities from the TLE-anchored solver are shown as black dots; the fit is 
overlaid for (blue) 0 h and (red) +36 h extrapolation horizons. Both horizons track the reference data closely, with 
the largest discrepancies during peak geomagnetic activity. 
 
We can systematically evaluate the effectiveness of our approach by calculating the relative error 
of the fit compared to our 6 h TLE-derived density reference as a function of geomagnetic 
activity (i.e., max 3h ap value in a day defines G0 through G5 [Poppe, 2000]). In Figure 10 we 
show the μ and σ for different extrapolation times up to 72 h. The model exhibits very little 
systematic bias (i.e., |μ| < 5%) for extrapolations under 36h. σ increases both with geomagnetic 
activity and extrapolation time, rising above ~20% after ~36 h under storm conditions.  
 



 

 

 
 
 
 
 
 
 
Figure 10. Systematic (μ) and variability (σ) errors 
of the parameterization of TLE-derived densities by 
solar and geomagnetic drivers, binned by G-class 
(max raw 3 h ap per day), at (a) 0 h, (b) +12 h, (c) 
+24 h, (d) +36 h, (e) +48 h, and (f) +72 h 
extrapolation horizons. Errors grow with both 
geomagnetic activity and horizon time, in particular 
beyond ~36 h. 
 
 
 
 
 
 
 
 
 
 

 
Finally, we summarize our overall NRT monitoring pipeline in Figure 11. Our approach consists 
of three main elements: (1) a TLE-based solver for delayed-epoch (~24 h) daily-averaged 
atmospheric density profiles, (2) an optional B*-anchored augmentation for 6 h resolution when 
satellite coverage permits, and (3) a density extrapolator that uses energy source indices to bridge 
the gap to NRT latencies. 
 

 
Figure 11. Generalized flow diagram of developing delayed-epoch, fine-cadence atmospheric density estimates 
from TLE data, and extrapolating profiles to NRT latencies. 
 



 

 

6. Discussion 

The elements developed here provide complementary yet independent methods to (1) achieve 
recent atmospheric mass density profiles from TLEs and (2) extrapolate a reference density 
profile using solar and geomagnetic indices. Together these components enable NRT monitoring 
of the upper atmosphere using public data. However, one could also either apply extrapolation to 
an alternatively sourced density reference profile or link the TLE densities to a different model 
driven by solar and geomagnetic energy sources. For example, our TLE-derived densities 
provide the equivalent of pre-storm baseline correction required by more comprehensive 
empirical atmospheric models to achieve improved performance [Kalafatoglu Eyiguler et al., 
2019; Bruinsma et al., 2021; Bruinsma and Laurens, 2024; Wang et al., 2026]. Our global-
average values could also be used to scale or constrain a more detailed thermospheric model that 
includes spatial structure and/or improved physics at high (i.e., >600 km) or low (i.e., <200 km) 
altitudes. 
 
The choices of fit window size, S and G sources, and data pre-conditioning (e.g., LPF 
bandwidth) will all impact fit accuracy and valid extrapolation horizon. Here we intended to 
illustrate the potential for these techniques in enabling NRT monitoring, but did not exhaustively 
optimize model inputs. For example, composite indices or more complex pre-conditioning may 
be needed to more accurately resolve the details of storm risetime and recovery (e.g., Bowman et 
al., [2008]). In addition, other driver data may yet become available that provide more robust 
parameterization of the relevant energy sources, lower latencies, or both.  
 
Finally, although this study has focused on nowcasting, the presented framework also extends to 
forecasting. Because atmospheric response lags energy input, the latest available S and G data 
actually support forecasts several hours into the future. In addition, with known fit parameters, 
forecasted S and G drivers rather than measured quantities can be used to generate corresponding 
atmospheric mass density profile estimates. Given the challenges in predicting geomagnetic 
drivers, one additional advantage of our decomposition of the density into ρs and ρG components 
is the ability to constrain changes in the upper atmosphere based on activity level. As 
demonstrated by Gershman [2026b], with a known ρs baseline and established relationship 
between G and ρG, one can generate different atmospheric profile scenarios (e.g., 
geomagnetically quiet, intense, extreme) using corresponding ranges of G. Such scenarios can be 
used to generate physically-informed uncertainties in re-entry predictions or for constraining the 
altitude loss experienced by a given object during a geomagnetic storm.  
 
7. Concluding Remarks 

We have demonstrated that public TLE data combined with standard space-weather indices can 
produce thermospheric density profiles in agreement with established references (TLE2021, 
GRACE, HASDM) across 200-600 km. In addition, our density extrapolator maintains accuracy 
over +36 h time horizons, supporting both nowcast and short-term forecast applications even 
during extreme geomagnetic activity. Because our TLE-based solver and index-driven 
extrapolator are independent modular elements, either component can be swapped for 
proprietary, higher-fidelity, or future alternatives as they become available. By relying only on 



 

 

public data and standard scientific software, this framework lowers the barrier for the LEO 
community to access the current state of the atmosphere.  
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Data used in this study were obtained from the following sources: 

 TLE data - Space-Track gp_history class (2005–2026, raw two-line elements per NORAD 
ID): https://www.space-track.org/basicspacedata/query/class/gp_history/ 

 TLE2021 - NRL orbit-derived global-mean density v2.0 (1967–2019). Files used: orbit-
density-ds03-density-values.txt (absolute log₁₀ρ + σ, 10 alts 250–575 km, daily), orbit-
density-ds01-objects-used.txt (BC reference set): 
https://map.nrl.navy.mil/map/pub/nrl/orbit_derived_density/v2.0_1967-2019/ 

 HASDM - SET/USSF JB2008-HASDM gridded density (10 alts 175–825 km, 3-hourly, 
15°×20° lat/lon). Monthly ZIP files YYYYMM_HASDM.txt.zip obtained via SpaceWx 
portal: https://spacewx.com/hasdm/ 

 GRACE A - TU Delft V2 accelerometer densities GA_DNS_ACC_YYYY_MM_v02.zip 
(2002–2017): https://thermosphere.tudelft.nl/data/data/version_02/GRACE_data/ 

 GRACE-FO  - TU Delft V2 GC_DNS_ACC_YYYY_MM_v02c.zip (2018–2026): 
https://thermosphere.tudelft.nl/data/data/version_02/GRACE-FO_data/ 

 F10.7 index - LISIRD/LASP mirror of NRCan/DRAO Penticton adjusted daily flux (1947–
present): https://lasp.colorado.edu/lisird/latis/dap/penticton_radio_flux.csv 

 GOES-R EUVS - L2 AVG1D 26–34 nm from GOES-16/17/18/19 (dn_euvs-l2-
avg1d_g{16,17,18,19}_s{...}_e{...}_v1-0-7.nc): https://data.ngdc.noaa.gov/platforms/solar-
space-observing-satellites/goes/goes{16,17,18,19}/l2/data/euvs-l2-avg1d/ 

 AE index -  Kyoto WDC real-time digital ae{YYMMDD} (1-min AE/AL/AO/AU): 
https://wdc.kugi.kyoto-u.ac.jp/ae_realtime/ 

 ap / Kp indices - GFZ Potsdam Kp_ap_Ap_SN_F107_since_1932.txt (Kp/ap 3-hourly, Ap 
daily, since 1932): https://kp.gfz-potsdam.de/app/files/Kp_ap_Ap_SN_F107_since_1932.txt 
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