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Key Points:

e A thermospheric mass density estimation model is developed using a modified U-Net architecture.

e The model provides data-driven global thermospheric density estimations across altitudes from 100 to 500 km.

e The model serves as a computationally efficient alternative to the Thermosphere-lonosphere-Electrodynamics General Circulation
Model (TIEGCM) for thermospheric density simulations, offering significant speedup with comparable accuracy.
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Abstract: Modeling the mass density of the thermosphere is essential for understanding the upper atmospheric dynamics and for
supporting satellites and the space station. Such modeling has traditionally relied on either empirical approaches or first-principles
physics-based frameworks. The empirical models are computationally efficient with relatively lower accuracy, whereas the physics-based
models are more accurate with the cost of computation time. In this study, a data-driven deep learning model based on a modified U-Net
architecture is proposed to estimate the global thermospheric mass density at altitudes of 100 to 500 km. This model directly utilizes
input features including time, spatial coordinates, geomagnetic indices, the Fyo7 solar flux, and the solar wind speed. To improve the
model performance, we have introduced three main components: a gated recurrent unit-enhanced attention mechanism for spatially
adaptive feature refinement, a height-adaptive normalization technique to mitigate altitude-induced bias, and a hybrid loss function
combining mean absolute error with Laplacian loss to preserve both the global structure and fine-scale details. The proposed model
achieves accuracy comparable to physics-based models such as the Thermosphere-lonosphere-Electrodynamics General Circulation
Model (TIEGCM), with percentage errors typically below 5%, while the simulation time has been dramatically reduced from tens of
minutes to a few seconds. This framework provides an efficient and accurate tool for reconstructing the global thermospheric density
and can potentially be utilized for real-time estimation of the thermosphere density under varying geomagnetic and solar conditions.
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1. Introduction

The thermosphere, which extends from the mesopause to
approximately 1000 km altitude, represents a critical region of
Earth’s upper atmosphere (Powell, 2018). In this rarefied layer,
molecular diffusion governs the vertical distribution of atmo-
spheric constituents, leading to a nonuniform composition in
which both mean molecular weight and mass density decrease
exponentially with altitude (Lei JH et al., 2023). Solar extreme
ultraviolet and far ultraviolet radiation serve as the primary energy
sources driving thermal expansion and variability in thermospheric
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density (Richards et al.,, 1981; Prolss, 2011). In addition to solar
forcing, geomagnetic activity strongly modulates thermospheric
conditions, typically leading to density enhancements during
periods of elevated geomagnetic disturbance (Jacchia, 1959; Liu X
et al,, 2014). These responses are primarily caused by the dissipa-
tion of magnetospheric electric fields and enhanced precipitation
of energetic particles into the upper atmosphere (Prolss, 1997;
Wang X et al, 2020). Upward-propagating atmospheric waves
from the lower atmosphere also play an important role in shaping
thermospheric dynamics (Hedin, 1979).

Despite the low density of the thermosphere, it exerts significant
aerodynamic drag on spacecraft in low Earth orbit, making accurate
thermospheric density modeling essential for satellite orbit
prediction and maneuver planning. Various techniques have been
developed to estimate thermospheric mass density. The most
established method involves analyzing drag-induced orbital
perturbations, which enable indirect retrieval of density. Widely
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used approaches include orbit-derived density estimation
(McLaughlin et al, 2011), accelerometer-based techniques
(Bruinsma et al., 2014), and ballistic coefficient inversion (Mehta et
al., 2014). In addition, complementary observations from instru-
ments such as neutral mass spectrometers, ultraviolet imagers,
and incoherent scatter radars provide valuable pointwise
measurements (Emmert, 2015). However, these measurements
are often limited in spatial and temporal coverage, making them
insufficient for reconstructing global, time-resolved thermospheric
density fields.

To overcome these limitations, both empirical and physics-based
models have been developed. These models integrate various
data sources, including satellite-based mass spectrometers, inco-
herent scatter radar-derived temperatures, solar occultation
profiles, and solar activity indices. Among the empirical models,
the Mass Spectrometer and Incoherent Scatter (MSIS) series, origi-
nally proposed by Hedin et al. (1977) and later refined (Hedin,
1983, 1987; Picone et al., 2002), remains the most widely used. It
provides estimates of total mass density, neutral temperature, and
major species such as atomic oxygen and molecular nitrogen
(Emmert et al, 2022). Similarly, the Drag Temperature Model
family (Barlier et al., 1978; Bruinsma, 2015; Bruinsma and Boniface,
2021) has evolved from drag-derived data to incorporate
accelerometer measurements and airglow remote sensing. The
Jacchia models (Jacchia, 1965, 1970; Bowman et al, 2008) use
satellite drag data to simulate vertical profiles of thermospheric
temperature and density, driven primarily by Fyo7 (solar radio flux
at 10.7 cm) and geomagnetic indices such as Kp (planetary K) and
AE (auroral electrojet).

In contrast, physics-based models solve first-principles equations
of fluid dynamics and thermodynamics to simulate thermospheric
conditions. These models require detailed inputs, such as the solar
extreme ultraviolet flux, lower boundary forcing, and gravity wave
parameters. Representative models include the Global lonosphere
-Thermosphere Model (GITM; Ridley et al., 2006), the Thermo-
sphere-lonosphere-Electrodynamics General Circulation Model
(TIEGCM; Qian LY et al, 2014), and the Whole Atmosphere
Community Climate Model with thermosphere and ionosphere
extension (WACCM-X; Liu HL et al., 2010), which are capable of
propagating space weather disturbances through physically
consistent processes. These models outperform empirical
approaches under disturbed conditions, where empirical simula-
tions may deviate by more than 40%, although this comes at the
cost of significantly increased computational time.

Although empirical models offer fast computation, their accuracy
degrades during geomagnetically active periods because of inher-
ent nonlinearities and limited adaptability. Physics-based models
are more reliable under such conditions but are computationally
intensive, making them less suitable for operational or real-time
applications. Recent advances in artificial intelligence have intro-
duced data-driven modeling approaches as promising alternatives
for complex geophysical systems. These models can achieve accu-
racy comparable to first-principles simulations while substantially
reducing computational time (Shi HQ et al., 2025). For example,
the NRLMSIS 2.0 (U.S. Naval Research Laboratory Mass Spectrome-
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ter and Incoherent Scatter radar version 2.0) model incorporates
machine learning calibration to reduce density prediction bias by
up to 25% during geomagnetic storms (Licata et al., 2022; Li YP et
al., 2024). Recurrent neural networks have been utilized to forecast
storm-time ionospheric irregularities (Xiong P et al, 2021),
whereas generative models have been used to reconstruct incom-
plete total electron content maps with improved spatial continuity
(Chen Z et al., 2019). Intelligent particle filtering algorithms have
also been developed to calibrate uncertain parameters in physics-
based models, enhancing forecast reliability (Ren DX and Lei JH,
2022). Additionally, ensemble learning models such as MBILE
(Multilayer Perceptron and bi-directional Long Short-Term
Memory for ensemble learning), which combine Bi-LSTM (Bidirec-
tional Long Short-Term Memory) and MLP (Multilayer Perceptron)
architectures, have demonstrated strong predictive capabilities
for thermospheric mass density (Pan Q et al, 2024). Another
notable example is the use of artificial neural networks that signif-
icantly outperform empirical models in capturing thermospheric
variability (Weng LB et al.,, 2020).

These studies collectively demonstrate the potential of machine
learning models to complement or, in certain cases, replace tradi-
tional modeling frameworks. Motivated by these advancements,
here we aim to develop a data-driven deep learning model for
global thermospheric mass density estimation. The proposed
approach seeks to achieve accuracy comparable to that of the
TIEGCM model while substantially reducing computational time,
offering a practical and efficient solution for operational space
weather applications across diverse geophysical conditions.

2. Dataset and Procedures

In this study, thermospheric mass density data were obtained
from the TIEGCM. Operating over an altitude range of 90-700 km,
the TIEGCM provides high-resolution, three-dimensional outputs
of neutral mass density, horizontal wind fields, temperature
profiles, ion drag, and conductivity parameters. The model is
driven primarily by inputs such as the Fyq7 solar flux, Kp index, Ap
(planetary A) index, and lower boundary conditions. Crucially, the
TIEGCM incorporates dynamic coupling with ionospheric electro-
dynamics, enabling physically realistic simulations of thermo-
spheric responses to geomagnetic storms, substorms, and solar
cycle variability (Ruan HB et al., 2018; Li Z et al., 2019). The model
supports both serial and parallel computing modes on Linux-
based workstations. Using 16 CPU (central processing unit) cores,
the simulation of one day of thermospheric density typically
requires approximately 3 hours. The global thermospheric mass
density outputs from the TIEGCM are used as training data for the
proposed deep learning model.

A series of TIEGCM simulations were conducted to identify the
most relevant auxiliary variables for thermospheric mass density
prediction. By systematically varying candidate input parameters
and applying a controlled-variable approach, the sensitivity of the
thermospheric density to different drivers was assessed. This anal-
ysis revealed that altitude, geographic latitude and longitude,
local solar time, the Fy7 index, and the Kp index were the dominant
influencing factors. These findings align with established physical
understanding and prior studies, and these variables were
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selected as the core inputs for the machine learning framework.

To generate sufficient training data, TIEGCM simulations were
performed for the full year of 2013 at a spatial resolution of 5° x 5°
(longitude X latitude). The model was driven by daily Fyo7 values,
3-hourly Kp indices, and the empirical high-latitude electric field
model of Heelis et al. (1982). Full-year coverage ensures compre-
hensive representation of seasonal variability in thermospheric
density. The output data were stored in NetCDF (Network
Common Data Form) as four-dimensional arrays (longitude x lati-
tude x pressure altitude x universal time). After processing, the
thermospheric mass density fields were gridded at 72 x 36 (longi-
tude x latitude) with an hourly temporal resolution and covered
the altitude range from 100 to 500 km.

Additional space weather parameters used as inputs for the deep
learning model were obtained from the OMNI database. The final
set of input features included day of the year, universal time,
geographic coordinates, the daily Fio7 index (Fi074), the 81-day
centered average Fio7 (F107a), the Kp index, the solar wind speed,
and the interplanetary magnetic field B, component (Santoso et
al., 2025). The target output was thermospheric mass density. The
dataset comprised 876,000 samples. These were partitioned on a
monthly basis into training, validation, and test sets using a
7:1.5:1.5 ratio. To enhance temporal independence, samples in the
training and validation sets were grouped into daily blocks and
randomly shuffled prior to model training.

3. Model Construction

Deep learning utilizes artificial neural networks with multiple hier-
archical layers to simulate the brain’s process of extracting
increasingly abstract features through nonlinear transformations
(Walczak, 2019). Unlike traditional machine learning, which relies
heavily on manual feature engineering (Wang P et al., 2021), deep
learning models autonomously learn features from unstructured
data (LeCun et al,, 2015). They are particularly effective in leverag-
ing large-scale unlabeled datasets through unsupervised or self-
supervised learning, albeit at the cost of higher computational
demands. Enabled by advances in artificial intelligence, deep
learning has achieved remarkable success in domains such as
image recognition (Krizhevsky et al.,, 2017), speech recognition
(Hinton et al., 2012), and natural language processing (Sutskever
et al,, 2014). In the field of space physics, these techniques have
been applied to problems such as thermospheric density predic-
tion, total electron content estimation (Ren XC et al., 2024), and
sporadic E layer detection (Yu BK et al., 2025). Among the repre-
sentative architectures, convolutional neural networks (CNNs;
LeCun et al.,, 1998), recurrent neural networks (Lipton et al., 2015),
and generative adversarial networks (Goodfellow et al., 2020) are
widely used. Convolutional neural networks, in particular, excel
through local connectivity and weight sharing, which significantly
reduce model complexity, improve generalization, and simplify
optimization.

Building on these advantages, here we adopt the U-Net architec-
ture, a CNN-based model originally developed for biomedical
image segmentation (Ronneberger et al., 2015; Azad et al., 2024).
The U-Net architecture addresses challenges posed by limited
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labeled data through its encoder-decoder structure and compati-
bility with data augmentation techniques (Trebeschi et al., 2017;
Xie B et al., 2024). The architecture features a symmetric design: a
contracting path (encoder) for extracting semantic features via
convolution and downsampling, and an expanding path
(decoder) for spatial reconstruction through upsampling and
convolution. Crucially, skip connections link corresponding levels
of the encoder and decoder, enabling multi-scale feature fusion
and enhancing pixel-level prediction accuracy. This integration of
deep contextual understanding with fine spatial detail makes
U-Net particularly suitable for tasks requiring precise spatial reso-
lution, such as those in geophysical and space environment
modeling.

The U-Net-inspired architecture used in this study is schematically
illustrated in Figure 1. It processes 10 input tensors, each with a
spatial resolution of 36 x 72 pixels. Both the encoder and decoder
paths utilize sequential 3 x 3 convolutional modules (light blue
arrows in Figure 1) to extract localized features and reconstruct
hierarchical representations. Each convolution is followed by a
batch normalization layer (black squares), which stabilizes feature
distributions and mitigates vanishing gradients (loffe and
Szegedy, 2015). In the encoder (left branch), 2 x 2 max-pooling
layers (yellow downward arrows) downsample the feature maps,
reducing spatial resolution while doubling channel depth. The
decoder (right branch) applies 2 x 2 transposed convolutions
(yellow upward arrows) to upsample the feature maps, restoring
spatial resolution and reducing channel depth for precise recon-
struction.

A key modification to the standard U-Net is the inclusion of a
gated attention mechanism at the bottleneck (orange arrows in
Figure 1). This mechanism dynamically computes spatial attention
weights through interactions between encoder features and a
learned gating signal. The resulting attention map emphasizes
task-relevant features while suppressing noise, enhancing contex-
tual awareness during decoding. The final layer is a 1 x 1 convolu-
tion (dark blue arrow) that maps the high-dimensional output to a
single-channel simulation.

The model was implemented in Python 3.9 using PyTorch. Training
was conducted for up to 500 epochs to ensure sufficient optimiza-
tion, with early stopping triggered if validation loss stagnated for
7 consecutive epochs (Prechelt, 2012), helping prevent overfitting
and reduce unnecessary computation. The Adam optimizer was
used with an initial learning rate of 0.001, providing stable conver-
gence in complex loss landscapes (Kingma and Ba LJ, 2015). Addi-
tionally, an adaptive learning rate schedule was applied, halving
the rate (factor = 0.5) after 3 stagnant epochs to improve conver-
gence near optima and avoid local minima.

Conventional normalization techniques are applied to thermo-
spheric mass density data to improve the simulated capability at
lower heights. Specifically, a height-adaptive normalization
method is proposed for the thermospheric density data. This
model provides the expected theoretical density value, p (h), as a
function of altitude. For each observed density value p, (h) at a
specific altitude h, the normalized density is computed by using
the following formula:
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Model structure based on U-Net
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Figure 1. Outline of the model structure based on the U-Net architecture. DOY, day of the year.
Target = log (pops (h)) — log (p (h)). (M is as follows:
By computing density residuals relative to the reference model, L = 0.5Lyag + 0.5Lap- @

the dominant exponential altitude dependence is effectively
decoupled from the model’s learning objective. This approach
transforms the simulation task from direct modeling of exponen-
tially varying absolute density to modeling relative deviations
from a known altitude-dependent baseline. Consequently, the
influence of altitude on observed values is substantially mitigated,
thereby enhancing the model’s sensitivity to other atmospheric
variables across all altitude ranges.

The loss function utilized in the present model training contains
two equally weighted components. The first component is the
mean absolute error (MAE), defined as the mean of absolute
differences between simulated and target values:

N
Lyae = %2 |Y?bs - YieSt|~ (2)
P

where N denotes the total number of samples, i is the sample
index, Yf’bs represents the observed or target values of the i-th
sample, and Y;* represents the corresponding estimated values
predicted by the model. The second component is the Laplacian
loss function, which is a loss function used in image processing
tasks (Hou QQ and Liu F, 2019). It maintains scale-invariant sensi-
tivity to global structural discrepancies by constructing Gaussian
pyramids and Laplacian pyramids. The Laplacian formula is specif-
ically as follows:

N
L=y 27|t (@) - L'()]| - 3)
i=1

In Equation (3), N denotes the total number of pyramid levels, i is
the pyramid level index, L' (@) represents the Laplacian pyramid
representation at the i-th level, @ denotes the predicted output, a
denotes the target output. The formula for the final loss function
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This loss function integrates the global and local components
computed simultaneously, thereby enhancing the model’s capac-
ity to preserve both detailed and global information within
images. Figure 2 shows the change in loss values for the training
and test sets during the iteration process.

4. Model Validation and Evaluation

To evaluate model performance, we compared its outputs with
the testing dataset under varying seasonal, geomagnetic, and
solar conditions. The analysis focuses on two representative alti-
tudes: 200 km and 500 km. Figure 3a presents the temporal varia-
tions of the Kp and Fyo7 indices throughout 2013. Figures 3b and
3d display the thermospheric density simulated by the TIEGCM at
200 km and 500 km, respectively, whereas Figures 3c and 3e show
the corresponding results from our model. As shown in Figures 3b

0.8 T T T

07 — Training loss | |
’ —— Validation loss

0.6

0.5

0.4

Loss value

0.3

0.2

0.1

0 50 100 150 200
Epoch

Figure 2. The values of the loss function after the training shown in
the legend.
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Figure 3. (a) Temporal variations of the Kp index and Fyo solar flux during the study period. (b, d) Longitudinally averaged thermospheric mass
densities at altitudes of 200 km and 500 km, respectively, derived from the TIEGCM. (c, e) Corresponding thermospheric mass densities at the
same altitudes, simulated by the deep learning model. The RMSE values for the model accuracy are indicated in panels (c) and (e).

and 3d, seasonal variability in the thermospheric density becomes
more pronounced at higher altitudes, a feature accurately
captured by our model. The root mean square error (RMSE)
between the TIEGCM and model output is 1.03 x 10-'8 at 200 km
and as low as 4.69 x 1018 at 500 km, indicating strong agreement
and high fidelity of the proposed model.

Figure 4 illustrates the pronounced seasonal variability of the
thermospheric density at an altitude of 300 km during local noon
(12:00 LT) across four key seasonal epochs: March equinox, June
solstice, September equinox, and December solstice (from top to
bottom). Each row presents three panels: the first shows the
TIEGCM-simulated density, the second displays results from our
model, and the third depicts the difference between the two. All
maps represent the logarithmic values of thermospheric density
in kilograms per cubic meter. Overall, the density distributions
produced by our model closely match those of the TIEGCM. As
shown in the first two columns, both enhanced and depleted
density regions align well across all seasons. Minor discrepancies
are evident in the third column, particularly at high latitudes
(>80°), which are likely attributable to moderate geomagnetic
storms occurring during these periods.
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To further evaluate the robustness of the model, we tested its
performance under storm-time conditions. Figure 5 compares the
thermospheric density at 100 km, 300 km, and 500 km between
the TIEGCM (first row) and our model (second row) during a
geomagnetic storm with a Kp index of 7. The density distribution
exhibits pronounced equatorial symmetry, particularly at higher
altitudes (Figures 5e, 5f, 5i, 5j), consistent with previous findings
(Li RX and Lei JH, 2021). The third row of Figure 5 shows the point-
wise differences between the two models, whereas the fourth row
presents the meridionally averaged differences. Quantitatively,
the percentage error between the TIEGCM and our model remains
low: within +0.2% at 100 km, +1% at 300 km, and up to 4.3% at
500 km. These differences are primarily attributed to the data
imbalance in the training set, where storm-time samples represent
less than 15%, compared with more than 85% from quiet-time
conditions. Despite this, the overall percentage error remains
below 5%, with a mean error of less than 1.2%, highlighting the
model’s strong generalization and reliability even during
disturbed geomagnetic conditions.

Under geomagnetically quiet conditions (typically defined as Kp <
3), the model exhibits strong consistency with the TIEGCM results
across multiple altitudes. Figure 6 presents a representative case
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with Kp = 0. At 300 km and 500 km, thermospheric density
displays a clear diurnal pattern, characterized by higher values in
the afternoon sector (12-24 LT) compared with the morning
sector (0-12 LT), a feature accurately captured by the model
(Figures 7e, 7f, 7i, 7j). Quantitative comparisons in the lower
panels show that the percentage errors are minimal—within
-0.05% to 0.1% at 100 km, -0.2% to 0.4% at 300 km, and -1.0% to
1.4% at 500 km. The gradual increase in error with altitude is likely
due to the reduced representation of high-altitude conditions in
the training dataset. Nonetheless, overall deviations remain below
1.5%, underscoring the model’s robustness and precision under
quiet-time scenarios.

In addition to geomagnetic conditions, the model was also
assessed under varying levels of solar activity, as shown in Figures
7 and 8. Figure 7 presents a comparison between the TIEGCM and
model outputs under enhanced solar input (Fi07 = 174 sfu [solar
flux units]), whereas Figure 8 shows the results under reduced
solar input (Fy07 = 93 sfu). In both cases, thermospheric density at
300 km displays a pattern similar to that at 500 km, with higher
values in the afternoon sector (12-24 LT) than in the morning
sector (0-12 LT), as illustrated in Figures 7e, 7f, 7i, 7j and 8e, 8f, 8i,
8j. Under high solar flux conditions, the thermospheric density
exceeds that observed during storm periods (Figure 5) by approxi-
mately 28%-42%, highlighting the stronger influence of solar
radiative forcing. These variations are captured well by the model,
with overall percentage differences relative to TIEGCM remaining
below 2%. This result indicates that, despite the enhanced sensi-
tivity of the thermospheric density to solar input, the model main-
tains high accuracy across both high and low solar activity scenar-
ios.
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5. Conclusions and Discussions

In this study, a deep learning model based on a modified U-Net
architecture was developed to estimate the global thermospheric
mass density. The input parameters include time, geographic
coordinates (altitude, geodetic latitude, and longitude), geomag-
netic indices (Kp, B;), and solar activity data (Fyo7 daily, F107 aver-
aged, and solar wind speed). The model outputs thermospheric
density across altitudes ranging from 100 to 500 km. To enhance
accuracy, three key improvements were introduced: (1) a gated
recurrent unit-augmented attention mechanism was embedded
within U-Net skip connections to dynamically recalibrate feature
weights across encoder stages; (2) a height-adaptive normalization
method was implemented to minimize the influence of altitude
on input features; and (3) a composite loss function combining
mean absolute error and Laplacian loss was utilized to improve
learning stability and estimation precision.

The model was systematically evaluated under various geomag-
netic and solar activity conditions. The results show that the
percentage difference between the model and TIEGCM outputs
remained below 5% in all cases. Specifically, errors ranged from
—0.7% to 1.4% under quiet geomagnetic conditions, —0.6% to
4.4% during storm periods, —0.6% to 1.5% under low solar input,
and —-1.4% to 0.6% under enhanced solar input. The model
successfully reproduced key features of thermospheric density
variability, including diurnal and seasonal patterns, demonstrating
both robustness and reliability for operational estimation.

The main goal of this study was to develop a numerical model
with the accuracy of physics-driven models (TIEGCM) and the
computation efficiency of empirical models. We therefore
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Figure 8. Similar to Figure 7, except for the condition that F1o7 = 93 sfu.
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prepared the training dataset from TIEGCM simulations, which is a
thermosphere-ionosphere general circulation model that solves
the three-dimensional momentum, energy, and continuity equa-
tions. This model provides a global-wide thermospheric response
under intense space weather events that cannot be retrieved from
satellite or ground-based measurements. The proposed U-Net
model thus learns a nonlinear mapping from input solar or
geomagnetic drivers to the thermospheric density and inherits
the strengths of the TIEGCM. From a computational standpoint,
once trained, the U-Net model can serve as a surrogate for the
TIEGCM model to rapidly reconstruct maps of thermospheric
density with largely shortened computation time. With the use of
one CPU, the computation time for one set of solar and geomag-
netic parameters is 14.5 seconds when using the U-Net model but
7.5 minutes when using the TIEGCM model.

Despite these advances, certain limitations remain. Model perfor-
mance during geomagnetic storms could be further improved by
incorporating more storm-time data, as such conditions currently
represent less than 15% of the training dataset. The scarcity of
storm-related samples limits the model’s ability to fully capture
storm-specific dynamics. Future efforts should focus on expanding
the training set with additional storm-time data to enhance simu-
lative accuracy during disturbed periods. Moreover, although
TIEGCM data were exclusively used in this study for their
completeness and consistency, integrating real-world measure-
ments could further improve model robustness. Last, incorporating
more physically meaningful parameters may help the model
better infer underlying physical processes, thereby improving
generalization, especially under complex space weather scenarios.
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