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Abstract

Near-Earth space is becoming increasingly congested. A rapid increase in the number of orbiting objects around Earth underscores the need for accurate tracking and prediction of space objects. Space weather constitutes the most important source of uncertainty in low-Earth orbit, where solar and geomagnetic activity can cause abrupt changes in the neutral mass density and satellite drag. In this study, we present a computationally efficient and operationally feasible approach to estimating the globally averaged thermospheric mass density in near real time using publicly available Two-Line Element (TLE) data from space debris objects. The method constitutes a potential basis of a TLE-based density estimation for continuous monitoring of low-Earth orbit, providing a complement to existing modeling efforts in support of space situational awareness. By implementing the method, while simulating real-time limitations, we estimate the thermospheric density during 2018–2024 using 2348 debris objects between 200 and 800 km altitude. Validation against satellite-derived densities shows an excellent result that exceeds that of commonly used empirical models, even during geomagnetic storms. Finally, we demonstrate the utility of the method to nowcast the decay rate of a fictional satellite during the May 2024 Gannon geomagnetic storm.
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1 Introduction
Space weather has a profound impact on space operations. The near-Earth radiation and plasma environment can affect satellite performance, affecting on-board computers, solar panels, and communications (e.g., Baker, 2000; Pulkkinen, 2007). Space weather can therefore threaten critical space systems and, through them, even national security interests. One of the most substantial impacts is on the density of the thermosphere (∼90–900 km), where variations driven by solar activity and geomagnetic conditions alter the drag experienced by satellites and space debris (Buzulukova & Tsurutani, 2022). Meanwhile, the increasing population of defunct satellites, spent rocket stages, and fragments from collisions, together with new satellite megaconstellations, creates a congested and difficult environment in low-Earth orbit. Space weather effects further complicate collision risk assessments (Bussy-Virat et al., 2018; Hejduk & Snow, 2018), increasing the risk of unforeseen collisions in orbit. The risk of cascading collisions that increase debris generation (e.g., Kessler & Cour-Palais, 1978) underscores the need for space object tracking and monitoring.
The neutral part of the upper atmosphere is a multi-species gas where the temperature and mass density are closely linked to space weather (Fuller-Rowell & Solomon, 2010; Berger et al., 2020; Thayer et al., 2021). Solar radiation, particularly in the extreme ultraviolet and soft X-ray wavelengths, directly heats the thermosphere, leading to its expansion and consequently increasing atmospheric drag on satellites (Lilensten et al., 2008). This radiation is modulated by active regions on the Sun and the solar cycle, leading to variations on timescales ranging from days to years. Furthermore, during periods of enhanced geomagnetic activity and geomagnetic storms, currents flowing in the ionosphere interact with the neutral atmosphere, driving winds and thermospheric heating. This causes the atmosphere to expand and the atmospheric mass density to increase in low-Earth orbit (Buzulukova & Tsurutani, 2022). Elevated drag during such events causes satellites to lose altitude, and in cases of particularly low orbits, may even lead to premature atmospheric reentry (Berger et al., 2023). In satellite operations, it is important to resolve atmospheric drag on timescales of around 1 day, as well as resolving the effects, averaged over an orbit, on at least the scale height of the thermosphere, which is about 25–75 km at these altitudes (Emmert, 2015).
In satellite operations, the effects of satellite drag are typically inferred from thermospheric models. Commonly used empirical atmospheric models are the MSISE models from the Naval Research Laboratory (Picone et al., 2002; Emmert et al., 2021b), the Jacchia-Bowman model JB2008 (Bowman et al., 2008), and the Drag Temperature Model (DTM) versions 2013 and 2020 (Bruinsma, 2015; Bruinsma & Boniface, 2021). Another operational model is the U.S. Air Force’s High Accuracy Satellite Drag Model (HASDM), which incorporates satellite tracking data to precisely model the atmosphere (Storz et al., 2005). Physics-based models like the Thermosphere-Ionosphere-Electrodynamics General Circulation Model (TIE-GCM) (Qian et al., 2014) are computationally expensive, limiting their practicality for real-time operational use, though efforts toward operationalization are ongoing (Mehta & Licata, 2025). Combining physics-based models with data assimilation and machine learning can enable real-time operations and forecasting, making them suitable for operational use (e.g., Sutton, 2018; Licata & Mehta, 2023; Mutschler et al., 2023).
The atmospheric density can also be inferred from satellite tracking data (Doornbos, 2011). The rate of altitude decay of a satellite is directly linked to the mass density of the atmosphere (Picone et al., 2005). Using Two-Line Orbital Elements (TLE) data from satellites and space debris, Emmert (2009) constructed a long-term dataset of globally averaged thermospheric densities spanning the period 1967 to 2007, with a temporal resolution of 3–6 days. This dataset was subsequently extended to 2019 by Emmert et al. (2021a), who also refined the methodology by utilizing special perturbations or state vectors of the objects’ position and velocity. There is, however, still a lack of methods to calculate atmospheric densities in real or near-real time with sufficient temporal resolution to capture the highly dynamic ionosphere–thermosphere interactions during geomagnetic storms.
In this study, we introduce a method for estimating globally averaged thermospheric density in near-real time using a computationally efficient approach. The method leverages widely available TLE data from space debris to derive mass density estimates with a temporal resolution of approximately 12–20 h. While the irregular update interval of TLEs inherently leads to a few-hour delay between the measurements and when a full altitude profile of the mass density can be derived, the method still potentially provides valuable drag estimation on relevant time scales of less than a day. Comparisons with spacecraft-inferred densities indicate that the method accurately reproduces satellite drag levels, including during periods of intense geomagnetic activity, and exhibits significantly lower deviations compared to empirical models. As a demonstration, we apply the method to track atmospheric density and satellite drag dynamics during the geomagnetic storm in May 2024, highlighting its capability for rapid response to space weather events.
2 Method
2.1 Data
We utilize TLE, or general perturbations data of space debris objects, obtained from the United States Space Force’s 18th Space Defense Squadron (18SDS) via the Space-Track database. A TLE is a representation of the orbital state of a space object at a specified epoch and is collated from a number of measurements, usually by radar for objects in low-Earth orbit. The data is collected through the United States Space Surveillance Network and is widely used for Space Situational Awareness (SSA) applications (Sridharan & Pensa, 1998; Geul et al., 2017). The network tracks every artificial object in orbit larger than approximately 10 cm, maintains a satellite catalog and providing orbital elements and SSA services such as reentry and conjunction messages. The 18SDS also provides so-called special perturbations (SP), consisting of high-quality state vectors derived directly from radar tracking. Although SP data can be used to accurately determine thermospheric mass density (Emmert et al., 2021a), it is generally not publicly available and thus less widely utilized. Consequently, in this study we use the more accessible TLE format.
2.2 Computing inverse ballistic coefficients
To calculate mass density from space debris TLEs in near real-time, we follow the methodology of Picone et al. (2005) and Emmert (2009), incorporating modifications to enhance computational efficiency and thereby make the approach more practical for operational use. Furthermore, to ensure the method is usable in near-real-time applications, we restrict the input data to only the information available at the time each specific TLE was generated, simulating real-time use.
The first step in obtaining the average mass density of an object in orbit is to determine its inverse ballistic coefficient. The inverse ballistic coefficient is a measure of the rate of deceleration an object experiences due to drag and is defined as β = CDA/m, where CD is the drag coefficient, m is the object’s mass, and A is the cross-sectional area. A space object’s model-estimated inverse ballistic coefficient, here denoted βm can be determined by considering the object’s orbital decay rate combined with an empirical model of atmospheric mass density. This can be performed with any empirical or physics-based model and is an estimate of the true physical β and therefore inherently scaled to the specific atmospheric model which is used (Doornbos et al., 2013).
With the assumption that all work done on the object is due to atmospheric drag, βm can be calculated by considering a pair of TLEs and the orbital decay between them (Emmert et al., 2006). The inverse ballistic coefficient derived from a specific atmospheric model between a pair of TLEs is given by
[image: Mathematical equation: $$ {\beta }_{\mathrm{m}}=\frac{{\mu }^{2/3}\Delta ({n}^{2/3})}{\int {\rho }_{\mathrm{m}}F{v}^3\mathrm{d}t}, $$](1)
where μ is the gravitational parameter of Earth, n is the mean motion of the object in the TLEs in radians per second, ρm is the mass density given by the model, v is the orbital speed of the object in a non-rotating frame given by orbit propagation, and F is a dimensionless factor to correct for the relative motion of the atmosphere to the inertial frame due to Earth’s rotation and thermospheric winds (King-Hele, 1987; Picone et al., 2005). The dominant winds at these altitudes are driven by pressure gradients induced by solar forcing and flow mainly from the dayside to the nightside of Earth (Hedin et al., 1991; Dhadly et al., 2023). The effects of these winds therefore generally cancel out for a full orbit, which means only considering the corotation wind is generally valid here.
In order to compute βm, we first obtain the model mass density along the object’s orbit between the TLEs in a pair. The orbit is propagated backward in time from the most recent TLE in each pair using the Simplified General Perturbations 4 (SGP4) propagator (Hoots & Roehrich, 1980). The SGP4 propagator provides the object’s position and velocity with sufficient accuracy to obtain the atmospheric mass densities and calculate the numerator in equation (1). We further require a minimum of 3 h between the TLEs in a pair to ensure that the object has had enough time for the decay signal to be clear. If two TLEs are too close in time, we consider the subsequent TLE as part of the pair instead. Additionally, we limit the maximum separation between the TLE pairs to 3 days. Previously, e.g., Emmert (2009) instead used 3 days as a minimum separation between TLE pairs. While this approach ensures a lower noise level, using shorter integration times, as is done here, leads to higher temporal resolution of the derived atmospheric density.
Because space debris objects lack active attitude control, we assume their true aerodynamic properties remain constant over time. In order to only use information available at the creation of the second TLE in the pair, we compute a weighted backward-looking median inverse ballistic coefficient [image: Mathematical equation: $ {\stackrel{\tilde }{\beta }}_{\mathrm{m}}$]. This median is weighted on the time difference between the TLEs in each individual pair and uses individual measurements of βm from the object’s first TLE pair to a time 45 days preceding the time of the current TLE-pair. This time lag is chosen because atmospheric models often use 81 or 90-day time-centered averages of space weather indices like F10.7 (Tapping, 2013), which would not have been available in a near-real-time scenario.
This method assumes constant physical aerodynamic properties for each object, but updates the model-estimated [image: Mathematical equation: $ {\stackrel{\tilde }{\beta }}_{\mathrm{m}}$] as more measurements would have been available in the simulated near-real-time scenario. This is different from the method (Emmert, 2009), who used constant model-estimates of the inverse ballistic coefficient over a calendar year and scaled them, in addition to an atmospheric model, to reference objects in orbit. The approach here is more suitable for near-real time use as it only relies on historical data and, as we shall see below, allows for light-weight computations of the atmospheric densities once values of [image: Mathematical equation: $ {\stackrel{\tilde }{\beta }}_{\mathrm{m}}$] are calculated.
2.3 Computing atmospheric mass density
In order to compute the orbit-averaged mass density for a given TLE pair without relying on space weather indices or an external atmospheric model, we restrict our analysis to objects in near-circular orbits. Here, we limit our analysis to eccentricities below 0.0025 which is described in Section 2.4. Under the assumption of circular orbits, the denominator in equation (1) simplifies greatly, and no further assumptions regarding the distribution of the mass density along the orbit are necessary. In this case, the orbital speed of the object is constant at [image: Mathematical equation: $ v=n{\mu }^{1/3}$] and
[image: Mathematical equation: $$ \int {\rho F}{v}^3\mathrm{d}t\simeq \left\langle F\right\rangle\left\langle \rho \right\rangle{\mu n}\Delta t, $$](2)
where Δt is the time between the TLEs in the pair, and 〈F〉 is the average correction factor F between the TLEs. The value of 〈F〉 can be obtained from the SGP4 propagation combined with the atmospheric model, but since the model may not be available at the time of the observation, and to maintain an efficient and lightweight computation, we use an approximate value, given by King-Hele (1987), which for circular orbits is
[image: Mathematical equation: $$ \left\langle F\right\rangle\simeq {\left(1-\frac{{\mathrm{\Omega }}_{\mathrm{E}}}{n}\mathrm{cos}i\right)}^2, $$](3)
where ΩE is the angular rotation speed of Earth, and i is the inclination of the object’s orbit. We estimate that the errors introduced in equation (2) amount to less than 1% relative to the full SGP4 integration. Then, finally, the derived observed mass density can be computed by
[image: Mathematical equation: $$ \left\langle \rho \right\rangle\simeq \frac{{\stackrel{\tilde }{\beta }}_{\mathrm{m}}\Delta \left({n}^{2/3}\right)}\left\langle F\right\rangle{\mu }^{\frac{1}{3}}n\Delta t}. $$](4)
This, with the ballistic coefficient pre-computed from equation (1), provides a computationally highly efficient way of computing the orbit-averaged mass density of a space object.
We would here like to discuss the limitations of the TLE data format. The TLEs are provided by 18SDS and have, since around 2013, used forward-propagated orbit estimates. This adjustment includes a short forward projection beyond the last observation, which means that the TLEs reflect not only past measurements, but also short-term predictions that depend on space weather forecasts, which depend on the atmospheric model used in the orbit propagation (Hejduk et al., 2013; Oltrogge & Ramrath, 2014), which introduces an inherent dependence on said forecasts. A way to get around this dependence is to use special perturbation data directly, which have no such dependence, like Emmert et al. (2021a). Nevertheless, since the TLEs are readily available and enable a computationally lightweight method suitable for near-real-time monitoring of thermospheric density, they are still suitable for this work.
In principle, any empirical or physics-based model can be used to obtain the inverse ballistic coefficient of an object using the method described above. In this work, we implement and evaluate the method using the JB2008 JB2008 (Bowman et al., 2008), as well as the NRLMSISE–00 and 2.0 models (Picone et al., 2002; Emmert et al., 2021b) separately. Figure 1 shows the results from the method implemented on two pieces of space debris using the JB2008 model to compute [image: Mathematical equation: $ {\stackrel{\tilde }{\beta }}_{\mathrm{m}}$]. The values derived using the JB2008 model are shown here because they provide slightly better results than the other two models (see Sect. 3.2). A known issue with this model is its dependence on the space weather input data provided by Space Environment Technologies, specifically the SOLSFMY file, in which post-processing or reanalysis of space weather conditions means that model outputs for past dates may change over time as new versions of the file are released. The JB2008 model computations used here were performed in March 2025.
	[image: Thumbnail: Figure 1 Refer to the following caption and surrounding text.]	Figure 1 Examples of derived mass densities for two debris objects. (a and c) Average orbital altitude in black and orbital eccentricity in blue on the right y-axis. The dashed line shows eccentricity 0.0025, which is later used as an upper limit for the analysis. (b and d) Orbit-averaged mass densities from the JB2008 model in black and derived from TLEs. Gray shading indicates times when the eccentricity is above the chosen limit. The panel titles show object name, international designator (or COSPAR ID), and the catalogue number assigned to the object.



	[image: Thumbnail: Figure 2 Refer to the following caption and surrounding text.]	Figure 2 Results from deriving atmospheric density from space debris TLEs. (a) Number of objects used over time. (b) Daily and 81-day average of F10.7 in black and the monthly sunspot number in blue on the right axis. (c) Derived mass density as a function of altitude. (d) Ratio between mass density derived from TLEs and given by the JB2008 model. (e) 〈ρ〉 from all TLE pairs as a function of altitude, colored after the average F10.7. Only bins with more than 10 TLE pairs are shown.



The first object, shown in Figures 1a–1b, is a piece that originates from the 2009 Iridium 33 – Kosmos 2251 collision. It first appeared in the TLE catalogue in July 2009 in a nearly circular orbit at ∼790 km altitude. As the eccentricity is low, we can derive the orbit-averaged density 〈ρ〉 45 days after the initial TLE. The resulting mass density closely tracks the JB2008 values, with larger deviations only at altitudes above ∼700 km.
The second object, shown in Figures 1b–1c, originates from the destructive test of an antisatellite weapon on the Kosmos 1408 satellite. The object first appeared in the TLE catalog in December 2021, roughly one month after the weapons test. Again, the TLE-derived mass densities can be determined 45 days after the initial TLE. Since the method is applicable to circular orbits, we restrict our analysis to eccentricities less than 0.0025 (see Sect. 2.4). Therefore, when the eccentricity is greater than this limit, the method is not suitable for determining 〈ρ〉. These time intervals for the second object are shaded in Figures 1c–1d. In general, our method accurately reproduces the JB2008 model densities using TLE from space debris objects with circular orbits.
2.4 Object selection
A large number of objects are required to obtain the global density profiles of the upper atmosphere (e.g., Emmert, 2009). To avoid including maneuvering satellites, we limit our analysis to objects classified as either debris or rocket bodies by the 18SDS. In this work, we apply the method described above to the years 2018–2024, which constitute the end of solar cycle 24 and roughly the first half of solar cycle 25 (Pesnell, 2020; Interrante, 2024). Therefore, we initially select objects from the US satellite catalog that were in orbit during this period.
We limit our analysis to debris objects in circular, low-Earth orbits, as orbital eccentricity introduces small errors to the derived mass density. However, by assuming circular orbits, the computations do not require atmospheric models or further orbit propagation. We estimate that the main source of uncertainty arising from a small eccentricity is the variable altitude during the orbit. In order to keep this uncertainty low, we only apply equation (4) when the eccentricity ϵ is below 0.0025, which corresponds to less than 10 km variations in geocentric distance in low-Earth orbit. We further limit our analysis to altitudes below 800 km. While previous studies by Emmert (2009) and Emmert et al. (2021a) considered objects below 600 km, we estimate that the method remains reliable above these altitudes. Although uncertainties increase slightly at higher altitudes, as illustrated in Figure 1b, the derived densities remain consistent with model predictions.
Earth’s ellipsoid shape will introduce similar uncertainties as orbital eccentricity in the density profiles. Here we define the altitude of an object’s orbit as the mean geodetic altitude, i.e., the distance from the object to the geoid surface. The ellipsoid shape of Earth, therefore, introduces an intrinsic ambiguity of approximately ±10 km in altitude (Moritz, 2000), which is comparable to the maximum uncertainty from the slightly eccentric orbits.
Finally, we apply several selection criteria to ensure data reliability. First, we limit the fraction of TLE pairs that show an increase, rather than a decay of the orbital altitude. These increases in orbital energy would yield negative mass densities and are due to noise in the TLE data Emmert (2009), since the space debris objects are unable to perform orbit-raising maneuvers. Emmert (2009) previously excluded objects where more than 25% of TLE pairs showed an increase in altitude. Here, we use a stricter 2% limit to keep the noise level in the TLE-derived densities low while still maintaining a relatively large sample size, which assures a better altitude coverage. Second, to exclude objects with unstable or changing aerodynamic properties, we discard objects whose computed βm that exhibit large variations. Large deviations may result from unmodeled effects such as solar radiation pressure or from further fragmentation and collisions. To avoid these effects due to unstable inverse ballistic coefficients and to sort out objects that, for example, undergo fragmentation during the studied interval, we require that both the median and the mean absolute deviation of βm are within 100% of the median value. These criteria ensure that the remaining objects maintain a sufficiently stable βm for reliable thermospheric mass density estimation. In total, 894 objects, or roughly 34% of the objects, were rejected due to either noisy orbits or unstable inverse ballistic coefficients.
The number of objects used in the analysis will naturally vary over time as new debris is generated, orbits circularize, or objects reenter the atmosphere (see Fig. 2a). Over the time period 2018–2024, a total of 2348 separate objects were used. A large proportion of these objects originates from well-known debris-generating events such as the destruction of Fengyun 1C (Johnson et al., 2008), the collision between Iridium 33 and Kosmos 2251 (Pardini & Anselmo, 2023), the breakup of Resurs O1 (Anz-Meador et al., 2023), and, with the largest number of objects originating from the destruction of Kosmos 1408 in November 2021 (e.g., Kastinen et al., 2023).
3 Results
3.1 Derived dataset of globally averaged mass density
We apply the method to obtain a simulated near-real-time, globally averaged mass density profile for the years 2018 to 2024. Figure 2 summarizes the results from this time period. We can see a clear increase in the number of objects used in the analysis following the destruction of Kosmos 1408 in November 2021 in Figure 2a. The number of space debris objects decreases after this as the solar cycle ramps up, as seen in the solar flux F10.7-index and the sunspot number (Clette & Lefèvre, 2015; Clette et al., 2016) in Figure 2b. This is due to an increase in mass density and drag in low-Earth orbits since direct heating from extreme ultraviolet and soft X-rays causes a greater number of objects to reenter the atmosphere. The median time difference between the TLEs in a pair varies between approximately 12 and 20 h during this time period, which means that the data set has a relatively high temporal resolution.
Figure 2c shows the globally averaged mass density profiles over time. These profiles are averages of orbit-averaged mass density values, derived from each TLE pair across all selected debris objects. As the number of contributing objects is large, and because a single orbit typically samples a wide range of latitudes and local times, the individual orbit-averaged densities can be translated into global density profiles (Emmert, 2009). This is achieved by binning the data into equally spaced altitude bins, with edges from 200 to 800 km and widths of 25 km. The bins are selected to be larger than the altitude uncertainties, while also ensuring a sufficient number of TLE pairs in each bin. Other bin-widths produce similar results to those presented here. The time series in each altitude bin is calculated using a Gaussian kernel smoothing. Since the median time resolution of TLE pairs is at best ∼12 h, we set the time resolution to 6 h and the width of the kernel smoothing to ±6 h, in order to ensure that all variations in the mass density data are captured. This timeseries data for 2018–2024 is made available as a supplemental material to this paper.
The computed mass density shows a clear dependence on the solar cycle. Figure 2c shows the globally averaged mass density, using values of βm given by the JB2008 model, as a function of altitude. We see a clear expansion of the thermosphere and an increase in density as solar cycle 25 progressed. Additionally, there is a clear ∼27-day periodicity in the density, corresponding to the solar rotation period and variation in solar flux (Poblet & Azpilicueta, 2018). Figure 2e shows the globally averaged mass density profiles from 2018 to 2024, with the color showing the average F10.7 solar flux index. Similarly, we here see the well-known dependence of mass density in the thermosphere on the solar cycle and solar activity levels (e.g., Walterscheid, 1989).
Since the results are based on inverse ballistic coefficients calculated using the JB2008 model, the computed mass density will, on average, match the model densities, but there are significant differences. This is because TLE-derived densities depend on the orbit evolution of the space objects, with the model densities serving only as a scaling reference through the inverse ballistic coefficients. Figure 2d shows the ratio between the computed from TLE data and modeled densities. First, we see a clear oscillation in the ratio, with a period of one year throughout the time period. This discrepancy corresponds to the annual variation in mass density (Paetzold & Zschörner, 1961). It is possible that the JB2008 model, during this time period, underestimates the mass density during the primary minimum of the seasonal variations, which occurs during the northern hemisphere summer (Qian et al., 2009; Emmert, 2015). This type of variation in the density ratio is less apparent when compared with the NRLMSISE–00 and 2.0 models (not shown).
During a period centered around June 2024, there was a notable discrepancy between the mass density derived from TLEs and the model value. As shown in Figure 2c, the computed densities are significantly higher than the model values, highlighting a limitation of the JB2008 model. There is likely an issue with the solar indices in the data file that is used to compute the model densities (Bruinsma et al., 2018). Since the JB2008 computations for this study were performed in March 2025, this discrepancy may be reduced or eliminated in the future as the solar indices are reprocessed. This highlights the limitations of the chosen underlying model for this method and suggests that alternative models may be more appropriate for future implementations of the method. At the same time, as we shall see in Section 3.2, it also shows a case where the underlying atmospheric model JB2008 significantly underestimates the mass density, while the method described here successfully captures the true density.
Figure 2d also shows the density ratio dependence on altitude. It is clear that there is a trend for lower ratios at altitudes below ∼300 km, as the objects are about to reenter the inner atmosphere. This is likely due to the assumption of constant β, as it does not fully hold at these altitudes. The drag coefficient CD of an object is dependent not just on the shape, but also on the composition, temperature, and density of the surrounding atmosphere (Doornbos, 2011). In general, this dependency leads to a lower CD at lower altitudes (e.g., Moe & Moe, 2005; Vallado & Finkleman, 2014; Walker et al., 2014; Mehta et al., 2023), which in turn leads to the method described here underestimating the mass density as such changes in CD are not modeled. Despite this, the method still correctly models decay rates of objects at these altitudes.
3.2 Validation
To validate and test this method for deriving atmospheric mass density from TLEs in near-real-time, we compare the computed densities to those observed by spacecraft in low-Earth orbit. For this comparison and validation, we use data from the Gravity Recovery and Climate Experiment Follow-on (GRACE-FO) mission (Landerer et al., 2020) as well as from the Swarm mission (Friis-Christensen et al., 2008). These are the two missions with instrumentation that observe the in-situ mass density of the upper atmosphere during the period of this study.
The GRACE-FO mission was launched in 2018 and consists of two satellites separated along-track in a polar orbit at roughly 490 km altitude. We use mass density data derived from the accelerometer instrument (ACC) on board the satellites (Siemes et al., 2023; Hładczuk et al., 2024). The Swarm mission, meanwhile, comprises three satellites: Swarm A and Swarm C, which orbit closely together at approximately 450 km altitude, and Swarm B, which operates at a slightly higher altitude of about 500 km. For Swarm, we use mass density observations derived by estimating the acceleration using precise orbit determination (POD) from GPS data from the spacecraft (March et al., 2019; van den IJssel et al., 2020).
The results of the validation against GRACE-FO measurements are summarized in Figure 3. Specifically, the figure shows the orbit-averaged mass density observed by GRACE-FO and from the JB2008 model, as well as the globally averaged mass density obtained from the TLE data interpolated from its 25-kilometer resolution to the mean altitude of the spacecraft. We see a general agreement between the three time series over the entire period studied here. One exception is the period around July 2024, where JB2008 predicts an unrealistically low density (see discussion in Sect. 3.1). The TLE-derived density, however, successfully captures the values measured by GRACE-FO during this period, as it relies only on historical model densities.
	[image: Thumbnail: Figure 3 Refer to the following caption and surrounding text.]	Figure 3 Comparison of orbit-averaged densities derived from accelerometer measurements onboard GRACE-FO to the density from space debris TLEs. (a) Average orbital altitude of GRACE-FO. (b) Average densities from GRACE-FO in black, from TLEs in red, and from the JB2008 model in blue. (c) Same as (b) but zoomed in on three geomagnetic storms in 2024. (d) Dst index with the three geomagnetic storms marked with arrows.



The method also accurately tracks the spacecraft-derived density during geomagnetic storms. Figure 3c shows the densities during a two-week interval where three separate geomagnetic storms occurred (e.g., Dimmock et al., 2024; Pancheva et al., 2024; Li et al., 2025). The first storm measured a G3, and the last two G4 on the NOAA space weather scales Hanslmeier (2002). Figure 3d shows the Dst index (Sugiura, 1963) during these storms and shows clear dips that indicate disturbed geomagnetic storm conditions. As we can see in Figure 3c, the storms cause clear increases in mass density along the orbit of GRACE-FO. During this time, both the JB2008 model and, especially, the density derived from space debris TLEs show excellent agreement with accelerometer data from GRACE-FO. This shows that the method described here can accurately nowcast satellite drag in low-Earth orbit, even during geomagnetic storms.
We now do a more formal validation of the method over a longer time. We compare the mass density derived from TLEs in the method described above with observed densities by the GRACE-FO and Swarm satellites from 2019 to 2024, since GRACE-FO was launched in 2018. Table 1 shows scorecards in the same format used by Bruinsma et al. (2018). The empirical JB2008 and NRLMSISE-00 and 2.0 models are also included for reference and comparison. The spacecraft and model densities are downsampled to the temporal resolution of the dataset described above, of 6 h, but as we discussed earlier, the true temporal resolution of the TLE-derived densities is at best ∼12 h. We can see that, compared to GRACE-FO measurements, the method described here slightly overestimates the mass density with an average (total) observed-to-computed ratio of 0.82 (0.88). The density ratios are naturally close to those of the JB2008 model, since this model is used as a scaling reference. The NRLMSISE models overestimate the density to an even higher degree, as can be seen in Table 1. A similar trend is shown with the Swarm satellites in Table 1. Absolute atmospheric densities are difficult to measure unambiguously and generally rely on assumptions about spacecraft aerodynamic properties or instrument calibration. Models are therefore typically scaled to reference measurements, see Bruinsma et al. (2018). The observed-to-computed density ratios are therefore likely due to differences in the absolute scaling between the data set and models (van den IJssel et al., 2020; Siemes et al., 2023). The absolute density values obtained with this method are dependent on which model is chosen to compute βm, and it is possible that some other models, not tested here, would produce densities that are on average more similar to the satellite measurements.
Table 1 
Average (total) observed-to-computed density ratio, standard deviation [%], and correlation coefficient. Scorecard after Bruinsma et al. (2018) of the calculated densities from TLEs of space debris and empirical models compared to densities observed by the GRACE-FO and Swarm A and B spacecraft. Swarm C is omitted because its values are essentially identical to Swarm A’s.

We now turn to how well the method estimates variations in neutral density caused by space weather and other effects. Table 1, in addition to density ratios, also shows both the standard deviation of the density ratios and the Pearson correlation coefficient between the densities from TLEs and the models (Bruinsma et al., 2018). We can see that the near real-time estimation from the TLE data has significantly lower standard deviations of the density ratio, and, in nearly all cases, a higher correlation coefficient than the three empirical models tested here. When using inverse ballistic coefficients computed with NRLMSISE-00 and 2.0 (not shown), the TLE-derived densities yield similar statistical performance to those shown here that use JB2008, but the density ratios align more closely with the respective model itself. It is therefore clear that the method we present here outperforms these methods in nowcasting of satellite drag on these time-scales.
3.3 Example – May 2024 Geomagnetic storm
Finally, we demonstrate a simple use-case of the method described here during the May 2024 Gannon geomagnetic storm. The geomagnetic storm measured G5 on the NOAA scale and was caused by a number of coronal mass ejections that impacted Earth on May 10–11 (Hajra et al., 2024) and had a significant impacts on satellite orbits and operations (Parker & Linares, 2024).
Figure 4 shows an overview of the storm. Panels a and b show solar wind data from the plasma and magnetic field instruments onboard the Wind spacecraft (Lepping et al., 1995; Ogilvie et al., 1995), which is positioned in the first Lagrange point upstream of Earth. We see that the first interplanetary shock, seen as a sudden increase in solar wind speed, density, and magnetic field strength associated with the coronal mass ejections, reached Wind at around 17:00 UTC on May 10. We see in Figure 4a that the magnetic field in the complex structure of sheath and magnetic cloud plasma, after the initial shock, is predominantly southward with Bz < 0, see (Hajra et al., 2024) for details. This southward field caused the geomagnetic storm, which can be seen in both Dst (Nose et al., 2015) and Hp30, a Kp-like an index with 30-minute resolution that can exceed Kp’s maximum value of 9 (Yamazaki et al., 2022), see Figure 4c.
	[image: Thumbnail: Figure 4 Refer to the following caption and surrounding text.]	Figure 4 Overview of the G5 geomagnetic storm in May 2024 and solar wind observations from the Wind spacecraft. (a) Solar wind magnetic field strength and z-component in the geocentric solar magnetic coordinate system. (b) Solar wind proton density in black and speed on the right axis in blue. (c) Geomagnetic Hp30 index in black and Dst on the right axis in blue. (d) TLE-derived thermospheric mass density as a function of altitude. (e) Orbital decay of a fictional, GRACE-like satellite. The two vertical dashed lines show the arrival of the first interplanetary shock and the time of maximum satellite drag, respectively.



The geomagnetic storm led to a sharp increase in satellite drag in low-Earth orbit. As shown in Figure 4d, the atmospheric mass density increased at all altitudes during the storm. Figure 4e shows the corresponding rise in the orbital decay rate of a fictional satellite in a circular orbit at 490 km. The decay rate is approximated by [image: Mathematical equation: $ {\mu }^{2/3}{n}^{-1/3}\beta \left\langle \rho \right\rangle$], where the orbit and inverse ballistic coefficient are based on a nominal GRACE-like satellite (Wen et al., 2019), similar to that used by Krauss et al. (2024). We see a clear increase in the mass density at all altitudes and an increase in orbit decay rate greater than a factor of four at 490 km. The greatest level of satellite decay is reached approximately 24 h after the arrival of the initial shock wave, and the enhanced decay rate lasts for approximately 1–2 days, mostly consistent with earlier studies (Oliveira et al., 2017; Oliveira & Zesta, 2019). The decay rate would be difficult to model during the geomagnetic storm, but this method could be used to give a near-real-time estimate of the drag, which would be valuable in satellite operations.
4 Conclusions
In this paper, we present a data-driven, computationally efficient, and operationally feasible method of computing the effects of satellite drag in near-real time. We use TLE tracking data for a large number of space debris objects to infer the mass density in the range of 200–800 km. The method we present is a modified version of existing methods (e.g., Picone et al., 2005; Emmert et al., 2006, 2017), and uses only objects with circular orbits which enables the analysis to be performed without the direct use of atmospheric models, space weather indices, or further orbit propagation, after the object’s inverse ballistic coefficients have been estimated, which makes the method lightweight and suitable for satellite operations.
We implement this method at the end of solar cycle 24 and at the beginning of solar cycle 25 in the years 2018–2024. Using only information that was available at the time of the measurements, we simulate near-real-time atmospheric mass density computations. The dataset is compiled of a total of 2348 objects and readily reproduces the well-known dependence of atmospheric density on solar cycle and activity levels. The median time difference between TLE pairs, and therefore the time resolution of the mass density data, is roughly 12–20 h throughout this period. Combined with an altitude resolution of 25 km, the method captures relevant space-weather processes that affect the decay rate of satellites (Emmert, 2015). The dataset is provided along with this paper.
Validation against spacecraft-derived mass densities shows an excellent performance of the method. The mass density derived from space debris TLEs reproduces the mass density on timescales of days, even during intense geomagnetic storms. Overall, the method showed a better agreement with densities measured by the GRACE-FO and Swarm spacecraft than the JB2008, NRLMSIS–00, and NRLMSIS 2.0 empirical models.
Finally, we demonstrate a simple use-case of the method during the May 2024 Gannon storm. We observe an elevated satellite drag for several days during the storm, with a peak roughly one day after the arrival of the first coronal mass ejection. This information would have been available during the storm, highlighting the potential use of this method to provide timely drag estimations, which is critical for satellite operations and collision risk assessments. Potential future work includes integrating the data from this method with atmospheric models or machine learning, which may extend it to non-circular orbits, and exploring uses for the method in operational space situational awareness.
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Table 1 
Average (total) observed-to-computed density ratio, standard deviation [%], and correlation coefficient. Scorecard after Bruinsma et al. (2018) of the calculated densities from TLEs of space debris and empirical models compared to densities observed by the GRACE-FO and Swarm A and B spacecraft. Swarm C is omitted because its values are essentially identical to Swarm A’s.
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	[image: Thumbnail: Figure 1 Refer to the following caption and surrounding text.]	Figure 1 Examples of derived mass densities for two debris objects. (a and c) Average orbital altitude in black and orbital eccentricity in blue on the right y-axis. The dashed line shows eccentricity 0.0025, which is later used as an upper limit for the analysis. (b and d) Orbit-averaged mass densities from the JB2008 model in black and derived from TLEs. Gray shading indicates times when the eccentricity is above the chosen limit. The panel titles show object name, international designator (or COSPAR ID), and the catalogue number assigned to the object.
In the text



	[image: Thumbnail: Figure 2 Refer to the following caption and surrounding text.]	Figure 2 Results from deriving atmospheric density from space debris TLEs. (a) Number of objects used over time. (b) Daily and 81-day average of F10.7 in black and the monthly sunspot number in blue on the right axis. (c) Derived mass density as a function of altitude. (d) Ratio between mass density derived from TLEs and given by the JB2008 model. (e) 〈ρ〉 from all TLE pairs as a function of altitude, colored after the average F10.7. Only bins with more than 10 TLE pairs are shown.
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	[image: Thumbnail: Figure 3 Refer to the following caption and surrounding text.]	Figure 3 Comparison of orbit-averaged densities derived from accelerometer measurements onboard GRACE-FO to the density from space debris TLEs. (a) Average orbital altitude of GRACE-FO. (b) Average densities from GRACE-FO in black, from TLEs in red, and from the JB2008 model in blue. (c) Same as (b) but zoomed in on three geomagnetic storms in 2024. (d) Dst index with the three geomagnetic storms marked with arrows.
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	[image: Thumbnail: Figure 4 Refer to the following caption and surrounding text.]	Figure 4 Overview of the G5 geomagnetic storm in May 2024 and solar wind observations from the Wind spacecraft. (a) Solar wind magnetic field strength and z-component in the geocentric solar magnetic coordinate system. (b) Solar wind proton density in black and speed on the right axis in blue. (c) Geomagnetic Hp30 index in black and Dst on the right axis in blue. (d) TLE-derived thermospheric mass density as a function of altitude. (e) Orbital decay of a fictional, GRACE-like satellite. The two vertical dashed lines show the arrival of the first interplanetary shock and the time of maximum satellite drag, respectively.
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