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Comparison of PINN-SAMI3 and EKF data assimilation methods for Ionospheric
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The objective of this study is to explore the feasibility of using PINN, the new data assimilation method, for
ionospheric modeling. We propose a novel ionospheric inversion model, Physics-Informed Neural Network based
on fully physical models SAMI3 (PINN-SAMI3) [1]. The model incorporates the governing equations of the
ionospheric physical model SAMI3[2] in the magnetic dipole coordinate system into the neural network to
reconstruct the temporal-spatial distribution of ionospheric plasma parameters. The simulation results show that
if sparse ion densities with noise are used as training data, it is possible to retrieve ionospheric electron densities,
ion velocities and ion temperatures, respectively. The PINN-SAMI3 framework (Figurela)) has better results than
the traditional data assimilation method, the Extended Kalman filter (EKF) method (Figurelb)). The framework

will contribute to advance the future space weather prediction capability with artificial intelligence (Al).
a) PINN-SAMI3 b) EKF

¢ :‘ Continuity i
- =L ] e >
> P Momentum Prediction ) Assuxmlatuon' 5
P Do A a A7 =Ff +Ar-S] + W, K.y =P H*(HPH' +R,)
O J [) S A=K O~ Hi)
% B =FRF +Q, = _
g y - bt By=(- K.HE,
yort
m Training data -
o —
o) Dataset [ SAMI3 Model Observation data Observation Cata

Figure 1. Ionospheric parameter inversion framework. The whole module includes a) PINN-SAMI3 (Physics
Informed Neural Network based on SAMI3) architecture, b) Extended Kalman Filter (EKF), ¢) Observations
generated by the SAMI3 model.

Table 1 Comparison of advantages and disadvantages of PINN-SAMI3 method and EKF method.
PINN-SAMI3 EKF-SAMI3
Advantages Higher accuracy and smoother High computational efficiency
results on complex physical
models in small noise data

Disadvantages For complex, large-scale The linear or Gaussian
problems, longer training time assumptions limit its accuracy on
may be required. complex physical systems

Comparison of PINN-SAMI3 and EKF is shown in Table 1[3]. PINN-SAMI3 method could achieve similar or
even better accuracy than traditional EKF under the condition of small noise data, while it will require a long
training time. Due to the need for linearization when dealing with complex physical systems, EKF method is
difficult to achieve good results in inverting high-dimensional problems such as ion density in SAMI3 models.
The PINN-SAMI3 method outperforms the traditional EKF approach in conditions of less noise for offering
enhanced accuracy and superior handling of complex nonlinear problems without the need for linearization or
reliance on Gaussian noise assumptions. Future endeavors will contemplate the integration of multisource
observational data into the neural network training process, aiming to substantially enhance the model's real-time
performance capabilities.
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