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a Machine-learned Model of Thermospheric Density Trained on Two Solar Cycles
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MODEL PIPEL INE

' A second parameter reduction method was applied within the model training loop: the

' altitude and SH coefficient dimensions were flattened then compressed into a set of

. principal components, i.e. f(t, h, q) — f(t, h x q) — z(t, k) with nk < nh x nq.

. However, this transformation must be derived from f(t, h x q) at a subset of time indices

1 corresponding to training data, therefore it is part of the model pipeline, as shown below:

HASDM-Sol is designed to be a surrogate model for the High Accuracy
Satellite Drag Model (HASDM). HASDM-Sol uses space weather indices
that are available operationally in near real-time to derive input features,
and was trained using a 25.5 year dataset of HASDM nowcast density p
as the target (Tobiska et al., 2021).
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HASDM-Sol was not trained to predict p, directly. Instead, a target vari-
able was created by pre-processing the HASDM database p4(t, h, LST, A)
into sets of spherical harmonic (SH) coefficients f,,:

subset of ML dataset at training & validation indices
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» p4(LST, A) was extracted for each time and altitude on the HASDM
density grid, then used to calculate g(LST,2) = log(py(LST, 1) x 10'2),

following Acciarini et al. (2024). : JEPIT Y train (4 P)
: Y'yal(t ) Yval (& P)
» g(LST, A) was then considered to be a sampling of the function .
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Figure 1 shows the reconstruction error as a result of evaluating the SH 1 |

expansion up to limited order for L=2, 4 and 6. The error is small (<0.3%), evaluate pipeline from

shown at various altitudes (columns).
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] ] L . repeat until validation score converges .. best CV foldontestdata | _ _ _,
enabling an efficient reparameterization py(t, h, LST, A) — f(t, h, q).
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Figure 1: The error between HASDM density data p,, and reconstructed HASDM . ] ] l l u .
density pr calculated by evaluating the SH expansion up to degrees L=2, 4 and 6 (rows), year 2000: 09-22 10-01 10-08 10-15 10-22 .
I :

Figure 3: HASDM-Sol density predictions (purple) versus JB2008 (blue) and HASDM density data (green).
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