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ABSTRACT. NRLMSISE is an empirical model that allows us to predict temperatures and
densities of the main atmospheric components. The model is widely used to evaluate
atmospheric impacts on satellite orbits and laser beam refraction which come through the
atmosphere, such as those used for Earth-satellite distance measurements. Model of the
atmosphere is a valuable part of the Satellite Laser Ranging processing software like Kyiv
Geodynamics (Juliette). Juliette is written in C++ and exploits the C++ clone of NRLMSISE
written by the second author. The C++ version produces the same outputs as an official Fortran
code.

Accurate modeling of atmospheric influences on satellite motion requires performing numerous
calculations along satellite orbits or laser beam paths, which are computationally intensive. By
decreasing calculation time of NRLMSISE, we would not only save the modeling time but also
give a prospect for a wider application of the model due to lowering computational resource
demands.

Our work demonstrates how the traditional NRLMSISE model can be effectively translated into
a neural network. This conversion achieves significant performance gains on both CPU and
GPU while maintaining acceptable accuracy when compared to the C++ implementation of
NRLMSISE.

We demonstrate the process of moving NRLMSISE to a neural network, the resulting accuracy,
ease of running the trained model on CUDA-enabled GPUs, and the obtained boost of
performance on both CPU and GPU.

Keywords: atmospheric modeling, NRLMSISE, neural networks, machine learning,
performance

1. INTRODUCTION

NRLMSISE-00, or further just NRLMSISE (NRL stands for US Naval Research Laboratory;
MSIS for mass spectrometer and incoherent scatter radar, E for extended Earth surface), is an
empirical atmospheric model developed by Mike Picone, Alan Hedin, Doug Drob, and
colleagues. The model calculates the densities of different atmospheric gases and temperature
at a specific location (Picone et al., 2002).
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NRLMSISE takes the following parameters as inputs: year, day of the year (DOY), seconds
past midnight, latitude, longitude, altitude, local apparent solar time, daily F10.7 solar flux for
the previous day, 81-day average F10.7 solar flux (F10.7 81a), and day average magnetic index
(Ap). The outputs include exospheric temperature, temperature at altitude, and the number
densities of the main atmospheric gases: helium (He), oxygen (O), molecular oxygen (O2),
nitrogen (N), molecular nitrogen (N2), argon (Ar), hydrogen (H), oxygen anomalous (O anom.),
and total mass density.

NRLMSISE covers altitudes from ground to space (~1000 km) and has a wide range of
applications, including evaluating atmospheric impacts on satellite orbits and assessing laser-
beam propagation. For instance, NASA’s Community Coordinated Modeling Center reports
that NRLMSISE-00 is routinely employed not only to predict low-Earth-orbit satellite decay
but also to calculate the column-air mass intersected by laser guide-star beams in
adaptive-optics safety studies (NASA/GSFC CCMC, 2025).

An official Fortran implementation is available from the NASA/GSFC CCMC website
(NASA/GSFC CCMC, 2025). NRLMSISE official implementation is ported on other
programing languages and integrated into applications like Juliette in Satellite laser ranging
station 1824 Golosiiv-Kyiv. Juliette is designed to predict satellite orbits, and C++
implementation of NRLMSISE, which provides the same outputs as the original Fortran one,
is among other models used under the hood (Choliy, 2007). Although a single calculation is
fast, processing hundreds of thousands or even millions of points can lead to significant
computational delays, becoming a bottleneck. This exact issue was encountered in Juliette.

Deep learning techniques, particularly neural networks, are promising candidates to address this
problem. Since technological progress keeps going on and graphical hardware becomes more
powerful, this allows creating neural network surrogate models to mimic more complex models
with a significant speed-up boost by skipping many intensive calculations. There are various
such applications in physics, for instance, reactor-core diffusion solvers: modern research
shows that convolutional neural network (CNN) surrogates can match traditional diffusion-
solver accuracy while running faster on graphical processing unit (GPU) platforms (Zhang, Q.
et al., 2021). Another example is from the field of mechanical stress and materials, where the
first U-Net-based CNN surrogate was proposed for finite-element stress-field outputs,
achieving ~500 times speed-ups with sub-percent errors (Khorrami et al., 2023).

It is worth noting that neural networks have an additional advantage over classic
implementations that most of them can be run on GPU out-of-the-box, which natively support
large matrix operations. This feature allows getting significant speed-ups by switching from
central processing units (CPUSs) to graphical processing units (GPUs) (Raina et al., 2009).

However, using neural networks we should always consider a trade-off between performance
and errors. Given that NRLMSISE is already an empirical model, we set an acceptable threshold
of mean relative percentage loss at less than 1% for each gas number density NRLMSISE output
and less than 1% for total mass density compared to the official model outputs. By maintaining
these thresholds, Juliette calculations remain stable.

There are existing neural network applications to NRLMSISE. However, their main ideas are
to use neural networks and real observable data for improving the precision model rather than
speeding up the computation time (Zhang, Y. et al., 2021). The most notable research in the
field of current paper is thermoNET presented at the 29th International Symposium on Space
Flight Dynamics, which is focused on thermosphere modeling (1zzo et al., 2024). It includes
NRLMSISE replication through neural networks; however, its light physics-informed version
(~1800 parameters) of NRLMSISE delivers the mean relative error 2.17% which does not
satisfy our error requirements. The heavier (~257,000 parameters) variant reaches 0.98%.
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While it is near to the required threshold, the latter one predicts only total density, and it has
enormous number of parameters — this does not provide practical speed benefits. In practice, it
remains computationally heavy for fast per-call evaluation.

In this paper, we describe the process of building a neural network based on NRLMSISE
original algorithms, including density predictions of each gas and total mass density. The new
model should satisfy three major requirements: the first one is meeting Juliette needs for error
threshold (<1% means relative loss for each gas density and <1% for total mass density); the
second one is that it should be faster on the same CPU environment while using only one thread
comparing to the reference C++ implementation; and the third one is that the new model should
be natively run on C++. Results of this paper show the mean relative loss and performance
gains of the neural network NRLMSISE model compared to the original one in one-threaded
CPU,

multithreaded CPU, and GPU environments. We emphasize the single-thread CPU case to
isolate per-call computational cost under identical conditions: both NRLMSISE and the
neural-network surrogate are executed on the same machine with single-threading enforced in
this specific case.

2. DATA PREPARATION

2.1. Dataset generation

Since the goal is to replicate the algorithm of NRLMSISE based on the reference application,
it is reasonable to use the existing NRLMSISE program, which is currently used in Juliette for
dataset generation. It was decided to select all inputs of the original model except “year”
because it is implicitly covered by solar and magnetic indices in the model.

In order to properly represent natural periodicity of day of year (DOY), seconds (SEC), local
solar time (LST), longitude (Long), and latitude (Lat), their sine and cosine values are used.
The following rescaling is used for DOY, SEC, and LST to represent them as angles in range
[0;2m]:

DOY-1 SEC LST

—— bOsgc =21 OLst = 2m— (1)

0 =27 —_—
boy 365 86400’ 24

All periodic inputs are selected for dataset generation, and their ranges are shown in Table 1.

Table 1. Periodic inputs selected for the model and their ranges for dataset generation

DOY Seconds Long LST Lat Lat
Sin and Cos Sin and Cos Sin and Cos Sin and Cos Sin Cos
[-1:1] [-1:1] [-1:1] [-1;1] (11 | [0:]

The normal altitude range for NRLMSISE is from 0 (ground) to 1000 km; however, here
altitude is used in the range from 500 to 1500 kilometers due to the specific NRLMSISE model
usage in Juliette application, as it relies on the model’s smooth parametric extrapolation for
heights above 1000 km.

F10.7 adjusted, F10.7 81a (81-day average), and Ap historical values were extracted from the
dataset provided by Geomagnetic Observatory Niemegk, GFZ covering 1947-2024 period
(Matzka et al. 2021). The F10.7 series itself originates from the Canadian observatory network
(Tapping, 2013).
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Outliers for F10.7 and daily Ap were removed using a Hampel filter with 11-day sliding
window, median + 3 - 1.4826 MAD (median absolute deviation) (Hampel, 1974). The cleaned
up F10.7 values show a minimum of 62 sfu (solar flux units) and a maximum of 458 sfu. Daily
Ap has the range from 0 to 189 nT (nanotesla) after removing outliers. The range for F10.7 81a
was taken as minimum and maximum values based on the archive. To make the neural network
more tolerant against extremes, we applied a ~10 % safety margin, yielding the final sampling
as shown in Table 2.

Table 2. Non-periodic inputs selected for the model and their ranges for dataset generation
before normalization

F10.7, F10.7
Alt, km sfu 81a, sfu Ap, nT
[500;1500] [56;504] [61;300] [0;208]

Considering that the neural network should learn NRLMSISE program algorithms, but not
observable physical phenomena, it was decided to generate each input value independently and
randomly with uniform distribution, of course, preserving sine and cosine relations. This can
lead to irrelevant input combinations from a physics standpoint, but it is acceptable since the
focus is on learning algorithms of NRLMSISE. However, naive uniform distribution for
longitude sine/cosine, latitude sine/cosine, and altitude resulted in poor sphere coverage,
especially around the poles as shown on the plot in Figure 1.

North

Figure 1. Distribution of input points based on naive uniform distribution of longitude, latitude,
and altitude from 500 to 1500 km with the Earth radius taken as 6378 km. There are clearly visible
cluster on poles, which should be removed.

The volume element in spherical coordinates after switching to geographic coordinates is as
follows:

dV = r2cos(@) dr de dA (2)
where here and further in the formulas:
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A — the longitude;
1) —  the latitude;
r — the altitude.

There is visible clustering near the poles on the spherical shell because the surface area element
on a sphere is proportional to the cos(¢) value. It is possible to eliminate that factor by using
the following approach to generate latitude and longitude:

@ = arcsin(v); 1 =mnu (3)

where v and u are the uniform distributed values from -1 to 1.

In this case, arcsine eliminates cos(¢) factor in Formula (2). Altitude also requires proper
distribution, and it can be handled as follows:

r=RIw (4)

where:
w — the uniform distributed value from 0 to 1;
R — the sphere radius.

Formula (4) is for sphere; however, in fact, we have a spherical shell, so it should be modified
to support the altitude range:

3
r = YR} + w(R;—R}) (5)
where:
W —  the uniform distributed value from O to 1;
R;,R, — the lesser and greater radii of the spherical shell.

Earth radius (Rg,,+n) 1S taken as 6378 km and altitude range is 500..1500 km by the definition
above, and this allows letting R; = Rggren + 500 km and R, = Rggren + 1500 km. The
spherical shell built using this approach is shown in Figure 2, and it illustrates much better
distribution without visible clusters. So, the strategy described above is used for generating
altitude, longitude, and latitude in our dataset with a good spherical shell distribution.

North

Figure 2. Distribution of input points based on proper distribution of longitude, latitude, and altitude
from 500 to 1500 km with the Earth radius taken as 6378 km
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The initial generated dataset for both training and evaluation contained two million records.

2.2. Input normalization

The total number of input features is 14 based on Tables 1 and 2. Ranges of cyclic parameters
specified in Table 1 do not require further normalization, as they lie in a natural range [-1;1] for
neural networks with Hardswish activation (Howard, 2019). However, non-periodic input
parameters described in Table 2 require normalization. Since these parameters have strictly
defined ranges and they are generated uniformly distributed, it was decided to use classic min-
max normalization for inputs from Table 2 with the range [0;1]:

xl.(k) — min(x()

k
Zi( = max(x(K)) — min(x(0)) ()
where:
2 — the it element of feature k, after normalization:
x® — the it element of feature k, before normalization:
min(x®), max(x®) — the min and max values of feature k.

All input features now are in the [0; 1] or [-1; 1] range after normalization.

2.3. Output analysis and normalization

The total number of output features is 10. The list of outputs and their main characteristics are
given in Table 3 for number densities and in Table 4 for temperatures.

Table 3. Quantile summary (cm) of neutral number-density outputs used for network training.
O(anom) is anomalous atomic oxygen.

He O N> O, Ar H N O (anom)
Min | 2.99e+02 | 1.25e-08 | 1.19e-23 | 3.42e-29 | 1.11e-40 | 1.37e+03 | 6.84e-10 | 3.58e+01
5th | 6.63e+04 | 5.70e+01 | 2.75e-05 | 1.24e-08 | 2.23e-14 | 8.56e+03 | 4.05e+00 | 1.00e+03
25th | 2.16e+05 | 5.02e+03 | 1.05e-01 | 1.18e-04 | 3.29e-09 | 1.67e+04 | 3.58e+02 | 4.57e+03
50th | 4.76e+05 | 1.01e+05 | 2.52e+01 | 5.58e-02 | 9.26e-06 | 2.96e+04 | 7.40e+03 | 1.38e+04
75th | 1.08e+06 | 2.08e+06 | 5.06e+03 | 2.40e+01 | 1.86e-02 | 5.63e+04 | 1.16e+05 | 4.03e+04
95th | 2.83e+06 | 3.77e+07 | 8.74e+05 | 7.98e+03 | 3.17e+01 | 1.56e+05 | 2.49e+06 | 1.69e+05
Max | 1.04e+07 | 4.45e+08 | 9.67e+07 | 2.19e+06 | 1.40e+05 | 9.57e+06 | 2.65e+08 | 2.35e+06
Table 4. Quantile summary (K) of temperature outputs used for network training.
Exospheric and altitude temperature quantile data are the same in taken precision.
Min 5th 25th 50th 75th 95th Max
Temp. | 4.51e+02 | 8.41e+02 | 1.03e+03 | 1.19e+03 | 1.37e+03 | 1.64e+03 | 2.24e+03

After analyzing these outputs, it is clearly visible that the ranges are very wide and span several
orders of magnitude. For example, Ar’s 25th percentile is on the order of 107, while its 75th
percentile is on the order of 102, Such a dynamic range impedes stable gradient propagation,
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therefore, to eliminate such difference, natural logarithm normalization can be used, which is
shown below:

v = () W)
where:
yl.(k)' — the i sample of output feature k, after In normalization;
xi(k) the i sample of output feature k, before In normalization.

The In transformation compresses the range, which can help stabilize variance and make
patterns in the data more apparent to the neural network.

Although the logarithmic transformation substantially compresses the dynamic range, the
resulting values still extend from approximately —36 to +14 and exhibit high variance. To obtain
targets that are numerically well conditioned for back-propagation, z-score standardization is
applied further:

NG ) — u® ®)
i Q)
where:

yi(k) — the i sample of output feature k, after In and z-score normalization;

yi(k)' — the i sample of output feature k, after In normalization;

u®  —  the mean of output feature k;

o® —  the standard deviation of output feature k.

Some examples of output distributions of the first million records before and after
normalizations are shown in Figure 3 and Figure 4. Plots of normalized data demonstrate new
compressed and unit scaled ranges.

140k 2
120k
100k
80k
60k

Value (xi)

40k

Normalized Value (z;)

20k

0 02M 04M  0.6M 0.8M 1M 0 0.2M 0.4M 0.6M 0.8M ™
Sample Index (i) Sample Index (i)

Figure 3. Distribution of argon (Ar) number densities before (left) and after (right) normalizations.
Here, M stands for 1 million and k for 1 thousand.
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Figure 4. Distribution of hydrogen (H) before (left) and after (right) normalizations.
Here, M stands for 1 million.

It is worth noting that total mass density is not included in the output feature list which will be
processed by the neural network because this value is straightforwardly restored based on
predicted number densities in the way it is done in NRLMSISE:

— 1 . ys8
Protal = N_ i=1niMi (9)
A

where:
Ny — Avogadro’s constant (~ 6.022 x 10% mol™);
n; & M; — number density and molar mass of i"" gas species (Table 3).

3. NEURAL NETWORK

3.1. NRLMSISE and neural networks

Neural networks, especially feedforward architecture, have proven themselves to be powerful
tools for modeling complex physical processes due to their ability to approximate any
continuous function with arbitrary accuracy, if they contain sufficient neurons and layers
(Hornik et al., 1989). This capability is formally established by the Universal Approximation
Theorem (UAT) and its extensions. The original UAT states that even simple neural network
architectures, such as multilayer perceptrons with at least one hidden layer, can approximate
continuous functions on compact subsets of n-dimensional Euclidean space R" to arbitrary
precision, given enough hidden units (Cybenko, 1989).

The NRLMSISE model should employ segmented empirical fits and smooth interpolation
techniques to ensure that its outputs vary continuously with respect to input parameters, such
as altitude, solar flux, and geomagnetic indices, in order to illustrate real physical processes in
the atmosphere. Although the use of piecewise functions may introduce localized regions of
reduced smoothness (i.e., where the derivatives are not perfectly continuous), the overall
behavior of the model is continuous and largely differentiable. This makes the NRLMSISE
model a good candidate for approximation by neural networks.

By training a neural network on a sufficiently rich and representative dataset derived from the
NRLMSISE algorithm, it can theoretically capture underlying functional mapping with high
precision. The UAT provides a strong theoretical foundation for using neural networks as
surrogate models of the NRLMSISE algorithm, potentially offering benefits such as reduced
computational overhead and enhanced real-time performance.
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3.2. Neural network representation

Neural networks are computational models built from interconnected neurons that transform
input data through weighted sums and non-linear activation functions. A general feedforward
multilayer perceptron (MLP) takes an input vector x and processes it through L layers, where
each layer performs a linear transformation followed by a non-linear activation. For each layer
I (withi=1,...,Land a® = x), the computation is as follows:

a® = cOWDOal=1 4 p®) (10)
where:
w®  —  the weight matrix;
b®  —  the biases vector;

o® () — continuous, non-polynomial activation function R—R.

The mapping introduced by an L-layer neural network can be written as a nested composition
of the layer-wise functions:

fu@ = fOFEDCFD@E..) (11)
where:

fn — the function implemented by a neural network whose capacity is N
(e.g., the number of trainable parameters).

Additionally, UAT states that for any continuous function f : K - R defined on a compact set
K < R and for any tolerance & > 0, there exists a neural network such that:

supxek | ft(X) — fy(X)| < & N =N(e) (12)
where:
ft — the target function to approximate;
fn — the function implemented by a neural network whose capacity is N;
e — auser-chosen error tolerance.

These formulas capture the essence of multilayer perceptrons and underscore their capabilities,
which is guaranteed by the UAT, to approximate any continuous function, such as those
mapping the input parameters of the NRLMSISE model to its atmospheric outputs.

The process of training a feedforward neural network includes finding the optimal weights and
biases that minimize a predefined loss function. This includes using methods like gradient
descent and backpropagation so that network’s output fy closely matches the target values f;
across the training data as shown in formula (12) more formally.

3.3. Model architecture and training process

It is important to consider the model size during the architecture definition and training process,
as our main goal is to achieve optimal performance of the neural network evaluation. Therefore,
a balance must be kept between minimizing loss and ensuring efficient execution time of the
model.

The global training strategy was as follows: first, the performance requirement was ignored,
and the only resulting loss was considered. Then, once the required loss threshold was achieved
for the reasonable number of parameters, the model was then optimized preserving the
accuracy, mostly by increasing training time, decreasing the number of parameters, tuning
hyperparameters, and using less computation intensive activation functions.

129



It is interesting that classic multilayer perceptron (MLP) neural networks performed well, and
architectures like ResNet (modified for the regression problem) and custom structures, such as
two-headed neural networks, do not provide any benefits, and their evaluation time is longer
than that of a classic MLP for the achieved optimal loss. So, we focused on MLP neural
networks.

The most optimal neural network architecture in terms of minimal relative loss and evaluation
time is outlined in Table 5.

Initially, SiLU-Swish (Elfwing et al., 2018) was used to introduce non-linearity; however, it
includes Sigmoid function, which is computationally heavy. In order to maintain accuracy gains
and get evaluation speed enhancements, about 10-20%, Hardswish activation is used, the piece-
hard analog of Swish (Howard, et al., 2019):

0, x<-3
Hardswish(x) =] «x, x = +3 (13)
x(x + 3)/6, otherwise

The first models were trained on the 2 million dataset (1 million training + 1 million validation),
while later it was safe to drop the training dataset to 0.5 million records without noticeable
drawbacks, using 0.5 million of other records as the validation dataset during training.

Since the current task is regression one, mean squared error (MSE) is used as a loss function
for training. It is smoothly differentiable and scales trivially from one-to-many outputs, making
optimization stable and implementation simple.

Table 5. Neural network structure. Biases enabled in each layer.

Ii‘nag:Xr Layer type Input shape | Output shape | Parameters A%Etri]\é%t;%n
0 Dense 14 64 960 Hardswish
1 Dense 64 64 4160 Hardswish
2 Dense 64 64 4160 Hardswish
3 Dense 64 64 4160 Hardswish
4 Dense 64 10 650 No activation
Total parameter numbers 14 090

Three Adam-family optimizers were tried: Adam (Kingma, et al., 2015), AdamW (Loshchilov,
et al.,2019), and AdaMax (Kingma, et al.,2015) on the proposed network architecture.
AdaMax converged fastest and achieved the lowest final validation loss. Core parameters to
tune within AdaMax are learning rate (LR), momentum coefficient (;) and variance coefficient

(B2).

The following training parameters were used along with the structure defined in Table 5:
e learning rate strategy during training:

o use a cyclical learning-rate schedule with inversed momentum coefficient,
where the global learning-rate is allowed to oscillate between two boundary
values for a specific number of cycles (Smith, 2015; Smith, 2018);
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o for finding the first guess for the two boundary values, Leslie N. Smith search
algorithm was used (Smith, 2017). After applying it and some further empirical
tuning, the LR boundaries were taken: [0.0001, 0.013] for LR and [0.8, 0.9] for
inversed momentum;

o other parameters: number of steps up per cycle is 1000; number of steps down
per cycle is 10 000; S, = 0.999; learning rate upper range is halved each cycle;

e batch size: 2000;

e training dataset size: 0.5 million records;

o validation dataset size: 0.5 million records;

e stop condition: 60 000 epochs (full passes over 0.5 million samples).

Although SiLU and Hardswish perform similarly, the optimal training parameters are quite
different. While a batch size of 512 is nearly optimal for SiLU (Swish), switching to the
piecewise version of HardSwish required additional tuning of both the learning rate and the
batch size, with a batch size of 2000 proving to be the best fit.

PyTorch, a deep learning library, was used to implement the neural network using the
parameters defined above. The training process was done on CUDA (Compute Unified Device
Architecture by Nvidia Corporation)-enabled GPU, and also, the training loop was moved to
CUDA graphs to have the training speed up to 10 times due to eliminating CPU bottlenecks.

The neural network model was trained and compared against C++ reference NRLMSISE
program in the same environment, which consists of AMD Ryzen 9 5900x CPU and Nvidia
RTX 4070 GPU. AIll comparisons are done using x64 compiled programs in release
configuration with maximum optimizations favoring speed and without debugger attached on
Windows 11. The evaluation time of the neural network model listed in Results section includes
reading the model from file, computing number densities and temperatures, restoring the
normalized predicted output data to original ranges, and calculating the total mass density.

The training time of the neural network with the specified parameters and environment above
is 50-60 minutes after 60 000 epochs. We used many epochs to attain the target loss without
enlarging the model, thereby keeping fast evaluation of the model. The NRLMSISE neural
network model should be trained only once and then used without any changes for any input
data in the ranges specified in Tables 1 and 2. The edge cases which might require re-training
are changing input parameter ranges, changes of NRLMSISE model internal empirical
parameters, or significant changes of NRLMSISE code.

Also, it is verified that native Pytorch’s C++ library LibTorch allows running the same models
trained by Python interface in C++ code. Loss and execution time are the same.
4. RESULTS

In order to restore results obtained from neural networks, the inverse of the output normalization
operations must be applied:

xi(k) = exp(yi(k). a® + pk (14)
where:
yl.(k) —  the predicted feature k value for i*" record;
xi(k) —  the restored predicted feature k value for i record;
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o™ and u® —  the standard deviations and mean of output feature k achieved during
dataset generation.

It is important to preserve ¢® and 1 ® for each feature k obtained from the training dataset.

4.1. Loss

Table 6 and Table 7 contain final relative loss for each restored NRLMSISE output separately.
Figure 5 illustrates validation loss trends during training: mean squared error (MSE) for
normalized outputs and mean relative loss (REL) among all restored outputs.

0.003
— MSE

— REL
0.0025

0.002

0.0015

Loss

0.001

0.0005

0.05

0.04

0.03

Loss

0.02

0.01

0 10k 20k 30k 40k 50k 60k
Epoch

Figure 5. Validation loss on test dataset vs. epochs: MSE and REL (mean relative loss
of all output features). Here, “k” means thousand.

Table 6. Final relative percentage loss for each restored number density output.

He O N 02 Ar H N O (anom)

0.171% | 0.414% | 0.560% [ 0.648% | 0.850% | 0.137% | 0.401% | 0.168%

Table 7. Final relative percentage loss for restored temperatures and total mass density

Temp. exospheric Temp. at height Total mass density (orotar)

0.0469% 0.0475% 0.245%
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“Saw-tooth” spikes seen on Figure 5 are normal for cyclical learning rate. They are visible near
the top of each cycle where LR reaches its max value.

The losses illustrated in Tables 6 and 7 are calculated on the extended 1 million testing dataset,
which did not participate in the training process. The relative percentage loss is calculated as
follows:

N K
Dk — tirl 1 1
rely = Pk~ Tkl ppp—100% x —Z rely,,  REL = —Z REL,
|tk N £ -
i=1 k=1
where:
rel;, — the relative loss for i sample of k™ output feature;
pix — the predicted output value for i" sample of k™ output feature;
tie  — the truth/expected output value for i"" sample of k™ output feature;
REL, — the relative percentage loss for k™ output feature (shown in Tables 6 and 7);
REL — mean relative percentage loss of all output features (shown in Figure 5);
N, K — numbers of samples and output features, respectively.

As mentioned before, total mass density is not a part of the learning process; during evaluation
phase, it is restored based on formula (9). After getting numbers from NRLMSISE and placing
them into (9), we got the exact formula we used to restore total mass density (g/cm?®):

Protar = 1.66 - 107%*(4 - ny, + 16 - np + 28 - ny, + 32 ng, + 40 - gy + ny + 14 -ny) (15)

where:
ny — the predicted number density (1/cm®) by the neural network for gas k
(Table 6).

Anomalous oxygen is not included in (15), as it is not used in GTS7 routine of NRLMSISE,
which is the point of interest within Juliette. Total mass density loss is calculated compared to
reference data in the generated testing dataset.

4.2. Execution time
Execution times and achieved boost for neural networks are outlined in Table 8.

In CPU single-threaded tests conducted on the same machine, the neural network model
achieved performance between 3 and 4.5 times faster than the reference NRLMSISE model.
When multithreading was enabled for the neural network NRLMSISE model, speed increased
up to 9.7 times on the same CPU compared to the original model. Ina GPU CUDA environment
using an Nvidia RTX 4070, performance improvements of up to 250 times were observed. It is
worth noting that switching between CPU and GPU evaluation is very straightforward, just
changing one parameter in the program.
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Table 8. Evaluation times of compared models for different data. M stands for million.

C++ NRLMSISE

Neural network NRLMSISE time,

(1x reference)

(4.3x boost)

(7.9x% boost)

Number of time, seconds
NRLMSISE seconds
calculations cPU cPU cPU GPU
1 thread 1 thread 12 threads CUDA
100 000 0.262 0.087 0.079 0.142
(1x reference) (3.0x boost) (3.3x boost) (1.85x% boost)
500 000 1.314 0.310 0.192 0.143
(1x reference) (4.2x boost) (6.8x boost) (9.19x% boost)
1M 2.566 0.596 0.324 0.157

(16.3x boost)

1M x 10 times

25.598
(1x reference)

5.646
(4.5x boost)

2.709
(9.5x% boost)

0.166

(154.2x% boost)

258.448

57.424

26.68

1.034

1M x 100 times

(1x reference) (4.5x% boost) (9.7x boost) (250.0x boost)

4.3. Conclusions

In this work, we successfully replicated the NRLMSISE model using a feedforward neural
network. The neural network model meets relative loss requirements: the worst mean relative
loss is for argon, and it is 0.850%, which is smaller than the 1% threshold, and the best loss is
0.137% for hydrogen. The most important feature total mass density has 0.245% relative loss,
which is better than 1% requirement.

The neural network model provides a notable boost of computation speed compared to the
reference C++ NRLMSISE program: on the same CPU one-threaded environment, we got 4.5
times boost. While using multithreaded CPU, we got up to 9.7 times boost, and using GPU
CUDA-enabled environments, we got ~250 times boost compared to the original program.

Having these results, we can affirm that replacing NRLMSISE’s branch- and
transcendental-heavy evaluations with a compact dense network, the surrogate reduces
computation overhead, which enhances the model's applicability in real-time and
computationally intensive environments, including Juliette. Moreover, the NRLMSISE neural
network model can be easily integrated into existing C++ applications using the Libtorch
library, deployed as a web-service or used in other environments where neural networks are
supported.
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