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Abstract

Physics-informed neural networks (PINNs) open a new pathway for solving forward and inverse
problems with small samples, which are prevalent in geological and mining engineering, by
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embedding physical laws such as partial differential equations into deep learning frameworks. This
paper systematically reviews recent research progress of PINNs in groundwater seepage and hy-
drogeological parameter inversion, rock crack propagation and fracture seepage heat transfer, dy-
namic disaster prediction in coal mines, tunnel surrounding rock deformation, and intelligent per-
ception of mining-induced overburden. Representative works from the past three years are covered.
Key aspects are analyzed, including hard-constraint improved algorithms, multi-domain physics
constraint strategies, parameter inversion capability under few-shot conditions, and the comple-
mentary relationship with traditional finite element methods. Finally, the core challenges faced by
PINNs in geological and mining engineering applications are summarized, such as computational
efficiency bottlenecks, nonlinear training difficulties, and insufficient extrapolation at the mine
scale, and future directions including hybrid architectures and in-situ data assimilation are pro-
spected.
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Figure 1. Schematic diagram of the Physics-Informed Neu-
ral Network (PINN) basic architecture

E 1. YRR{E R WA M (PINN)EARMREE

BEXX LSRR, 2 MBEE[6]/E B4R 1 2 R ik S (PINNS-H) 383 75 I 2% i 1 )= BB Tt m i 2 12
TR A IR RS B BN, A ROIE A R ARSI N B — 4R AR 2R S5 R A, PINNS-
H B s 7R R 7 N, B2 C /Cy = LINHA IR Z /i B AT SRR S . ARAE[7]E D T
(7] 5 255 18 58 7K S RTBR ZKT4 F B 20 T PINNSS B33k, (R 2K IR B /K258 R B SO b, PR R 22
BERLRERAR T 75%, F8or Bk 1A 20 R SRS AR R /KRB ALk . AR &) 2 P

[ PINNSYIBIEBMEMYE (BERHY) |

S 1 5 FRAEPINN -
Wk | DR At ) il Wk | A

[ 5N A () } Eﬁ.%ﬁﬁﬁﬁﬂkﬁi(%ﬁﬁﬁ)}

fatit/ 7 2 (PDE) #/ 7 1% (PDE)
[géﬁk@&(zaﬁﬂiﬂ ‘ﬁf%ﬁﬁ%iﬁ%ﬁ%ﬂ

L |

[ AR S O

Figure 2. Technical flowchart of Physical Information Neural Network (PINN)
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Table 1. Side-by-side comparison of representative PINN applications in geological and mining engineering
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