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In space, it is difficult to capture the overall plasma structure solely from satellite observations, and it is usually inferred
through numerical simulations designed to reproduce the observed data. However, such inferences rely on assumptions such
as stationarity and symmetry, which introduce uncertainties. Moreover, observational data are strongly dependent on the
satellite trajectory, so even identical structures may yield significantly different results, leaving an inherent ambiguity in their
interpretation.

In previous studies of magnetic reconnection, several reconstruction methods have been proposed to infer the surrounding
plasma environment from observational data. These approaches are typically based on magnetohydrodynamic (MHD), Hall
MHD, or electron MHD (EMHD) equilibria, and therefore are limited to reconstructing time-independent reconnection
structures. Meanwhile, methods incorporating the quasi-static temporal evolution of Grad — Shafranov (GS) equilibria
have been developed and benchmarked with two-dimensional MHD simulations, demonstrating good performance up
to several Alfvén times—the typical MHD timescale [H. Hasegawa, B. U. O. Sonnerup, and T. K. M. Nakamura, JGR.
115, A11219 (2010).]. In addition, polynomial-approximation-based methods have been proposed, enabling the recovery
of time-dependent two-dimensional magnetic structures [R. E. Denton, R. B. Torbert, H. Hasegawa, et al., JGR. 125,
€2019JA027481 (2020).]. Nevertheless, their accuracy remains restricted to localized regions, and their applicability is
limited in events involving strong guide fields.

In this study, we propose a new reconstruction method based on Physics-Informed Neural Networks (PINNs). Unlike
conventional approaches, PINNs directly evaluate governing equations without assuming equilibrium or symmetry, thereby
enabling the reconstruction of dynamic, non-stationary plasma phenomena such as plasmoid formation and magnetic island
generation during reconnection. In this presentation, we report benchmark results obtained from MHD simulations of low-
B plasmas [S. Zenitani and T. Miyoshi, Phys.Plasmas 18, 022105 606 (2011).]. Focusing on plasmoid structures, we
systematically investigate how the number and spatial configuration of satellites affect reconstruction accuracy. The results
show that combining upstream and downstream observation points enables consistent capture of both the early plasmoid
formation near the X-point and its subsequent downstream evolution, thereby significantly improving the reconstruction
accuracy. Furthermore, we demonstrate that PINNs can recover fine-scale structures smaller than the satellite separation.
This approach is applicable not only to reconnection structures but also to the reconstruction of various plasma structures
in near-Earth space, contributing to a deeper understanding of space plasma phenomena through data-driven approaches.
In addition, our findings provide important insights for optimizing satellite deployment strategies in future multi-satellite
missions.

FHTIR, HEBHUZU TSI A0 FMELEET 2 2 e 3L, @B RzERT 2 8H I 21—
Y a il o THEENTONS, L, THSIEEREMEPHIME L Vo ZREIIKES 2 O RHEREZH S, 51
BT — 2 3EEORITRIRICALG SN L7, FUEETHHREONLIRMBRIIRESRELRD 2 DRI ARE 72
FEEDE S,

CAFETORKY a2y a VIFETIE, BHlF—RICESWTEL S A-RE2BEBRT 2 FEMERINTE
T2o THHOFHRTER. MKAMIASNY: (MHD). Hall MHD. & %\W&E T MHD (EMHD) O F#iREEICESWTE
D, ZOROEHETEZ20RERICKELZW) axr Y a VGRS %, —/5 T, Grad - Shafranov (GS) F
W OMEEFIRIFHFEZIR D ANHBRERFELHBSIN, ZXEMHD 21— a Y itkdRyFv—21I2k
b, A MHD ORI 7 — L TH 2 7V IXVREOBEREE T THNIBRHFREREERT Z 2 DRI NT
W% [H. Hasegawa, B. U. O. Sonnerup, and T. K. M. Nakamura, JGR. 115, A11219 (2010).], & 512, ZIEFUIMELZ W
PR FERLIRRINTE D, FEKRIFES 2 ZRTHGHEER1EICT 5 Z 2 3A[HETH % [R. E. Denton, R. B. Torbert,
H. Hasegawa, et al., JGR. 125, e2019JA027481 (2020).], L2 L7225, ZOREIIBON-HEBICY ¥ D, uh A
FRUEZ £S5 HRICBWTILEAELHRI S N 3,



A5 TIE. Physics-Informed Neural Networks (PINNs) 1230 < #i ULWEMEFIEEZIRE T 5, PINNs I 3HERFIE
CHIZ D TEPREESME 2 ROE R TSR 2 BRI T E 2729, KV axr > a i s 77 XE4 FE
RS ER E Vo 72IFEHE P OB 77 ARBIREHHTE 2, AREKTRE, KB 77X~ 2R L MHD
23 2l —3 3 v [S. Zenitani and T. Miyoshi, Phys.Plasmas 18, 022105 606 (2011).] {2 & 2 X> F~v— 7 iR E2RE T
5, FHT T2 XEA FHEEICTEH L. HEBCIE S MR IC KT T HE L RFINCGHE L, ZORER, X miLth
O_LFEAE Y TR EHAGDLESZ 2T, 77 XEA NOWMEIKR» LR EMEET TE—H L TIRZ 5N, FHif
FREPKIEICH L322 2B L. 612, HERMRZ FE2 27— L oMM Ed HHEAEETH L 2R L
J2o AFHEIFV AXT T a VHEEICEEEL T, HERAFEOMA R T 7 A BEOHBRICHICHTE, 7B 7
T —FIZKBZFHTIAHREOFICER T 5, MAT, FEROAFHEBHN I v > 2 V2B 2 HEREKIED
BELICE ST 2EERMAZIEMRLT 2,



