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Helicon plasma sources, which can stably generate high-density and low-temperature plasmas, are expected to be applied
in a wide range of fields such as accelerators, electric propulsion, nuclear fusion, and space simulation experiments. However,
experimental studies have reported a so-called “density limit,” where the plasma density is limited to approximately 109
m~3 [1]. One possible cause of this phenomenon is considered to be the depletion of neutral particles in high-density plasma
regions. To understand detailed mechanism of the depletion of neutral particles, the analyses based on three-fluid models
including electrons, ions, and neutral particles have been conducted [2]. Since the transport of neutral particles mainly de-
pends on collisions with ions, a proper understanding of plasma — neutral interactions is essential for elucidating the density
limit. To accurately analyze these interactions, two-fluid calculations for electrons and ions that take sheath electric fields
into account are required. In high-density regimes, Newton method based on implicit schemes is typically employed, but
their parallelization efficiency is low, and the computational cost is high. Due to these computational constraints, analyses
have been limited to one-dimensional models, which represents a major obstacle to understanding the physical mechanisms
behind the density limit.

In this study, we focus on Physics-Informed Neural Networks (PINNs), a deep learning framework that has recently at-
tracted attention as a novel approach for solving partial differential equations, to overcome the computational bottleneck in
fluid simulations. PINNs not only enable mesh-free computation but also allow fast and accurate evaluation of differential
terms via automatic differentiation and are well suited for efficient GPU parallelization. Compared with conventional nu-
merical methods, PINNs are expected to achieve high computational efficiency while maintaining accuracy. In this work, we
apply PINNs to the plasma two-fluid model and establish a new computational framework for multidimensional analysis of
high-density plasmas. In this presentation, we introduce the development of our PINNs-based model, focusing on a normal-
ization scheme to address the multiscale nature of electrons and ions, as well as discussing the impact of loss function and
boundary condition on the simulation results.
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