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Introduction Convolutional Autoencoder | | Long Short-Term Memory (LSTM) Neural Network
* In low Earth orbit (LEO), atmospheric drag is the largest * CAEs can take large datasets (in this problem: 24 x 20 x 16 x time) and reduce it down to a latent * Previous work used LSTM to learn the temporal mapping, F, for the

source of uncertainty when forecasting a satellite’s dimension of size <10 x time. reduced state, o [3].
trajectory stemming from incomplete physical knowledge * A benefit to using CAEs, over other autoencoders, lies in its fewer model parameters. They are not

of the domain and uncertain input drivers. fully connected resulting in quicker training and decreased likelihood of overfitting. A1 =F(ag, .. Q1 ..., Li_m) + €

Physics-based models of the upper atmosphere are high
dimensional, even at Ilower resolutions, Inhibiting
comprehensive analyses.
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100 km 10 100 Jan <10 * The LSTM trained with PCA coefficients shows high errors during

6 geomagnetically active periods when system is highly nonlinear.
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Linear and nonlinear Convolutional Autoencoders (CAE) 0 100 200 300 T Day of Year (2001) Day of the Year (2001)
(Iinear CAE should replicate PCA) Longitude Longitude Year-long dynamic prediction. Week-long dynamic prediction.

Analyze truncation error between PCA and CAE.
Investigate resulting latent space for both methods.

The best LSTM at the time could make a dynamic hourly density
forecast for an entire year with a mean error of ~12%.

Latent Dimension AnalyS'S We expect to improve on this by using CAE for dimensionality
PCA vs Autoencoder reduction (see section on PCA vs Autoencoder).
* PCA and CAE are both dimensionality reduction methods Linear Autoencoder
almed to separate spatial and temporal variations. * The linear CAE mimics PCA.
°* CAEs are non-trivial to train but can achieve nonlinear * PCA provides the optimal order of the latent
dimensionality reduction, unlike PCA. state, while CAE does not. C lusi
* Comparison of PCA and partially trained CAE on 2001 TIE- * However, having validated CAE for the ) onclusions _ _
GCM data (figure below). system, we can introduce nonlinear In t_erms_ of the thermosphere, I_DCA ha_ts relatively low truncation errors
o activation functions for nonlinear during times of low geomagnetic activity.
B | . | — el dimensionalitv reduction During storms, the nonlinear effects are no longer sufficiently captured
LN (N . f\ ) ' | 3 bl AN 0y PCA.
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T LYY AL U AN L Y N CAE shows capability to effectively encode nonlinear dynamics.
L. "’ AEs in this work are only partially trained and require further
5 M i Jw - | s 2050 training for optimization of the hyperparameters.
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* Note: the AE is not currently optimized. s

AE LD 10 Absolute Error (Kp = 8.53)
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2 i i’f'_r,s,:fg"kg,mf Nonlinear CAE (latent dimension 10) on 2001. Nonlinear CAE (latent dimension 5) on 2001.
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Nonlinear Autoencoder

* Trained nonlinear CAEs with latent dimensions 5 and 10. 1°‘;' REferenceS . .
: . Both ¢ . tant ohvsical feat : | E 1. Piyush M. Mehta and Richard Linares, “A methodology for reduced order
l, O cap ure Impor f”m physica e_a ures (e.g. Sfem'a””Pa o modeling and calibration of the upper atmosphere,” Space Weather, 5,
w trends) while reducing reconstruction error during active @ & ' doi-10.1002/2017SW001642.

: * Mrsseisiam geomagnetic periods. — . Piyush M. Mehta, Richard Linares and Eric K. Sutton, “A Quasi-Physical
' L * Most of the energy from the thermosphere can be captured 107§ e Dynamic Reduced Order Model for Thermospheric Mass Density via Hermitian
| i using first few PCA basis functions, therefore we expect the CAE i 'Oo.o..“ c?p'alcg-1[2));”96;?5285“\/}\733185%0mpOSItlon’" Space Weather, 16, 569-588,

B e e B with latent dimension 5 to outperform PCA once optimized. 102! - . bl O e o - . .
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* Contours show absolute truncation error at 400 km during The contribution of the first 20 PCA for Probabilistic Space Weather Modeling and Forecasting: Thermosphere and

an extreme storm. modes to the total energy [2]. Satellite Drag,” AGU Fall Meeting, December 20109.
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