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Applicability of Groundwater Flow Modeling by Means of Graph Convolutional Neural Networks
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This study conducted high-resolution hydraulic head distribution estimation by means of Graph Convolutional
Neural Network (GCN). Among the GCN, this study utilized spectral GCN. To verify the effectiveness of GCN,

hydraulic head distribution estimation in a two-dimensional confined aquifer using GCN was investigated.

Regarding creating the training dataset, the hydraulic conductivity, which is the parameter of numerical simulation

was generated artificially. The target data was the water head distribution obtained by high-resolution numerical

simulation. As for the input data, low-resolution hydraulic conductivity distribution, boundary conditions, and a

hydraulic head distribution obtained from a low-resolution numerical simulation were used. The results show the

high applicability of groundwater flow modeling by means of GCN.

1. 1ZC®IZ

R ARWEET Y o ZI3KERE FRIZ BV CHEE
Thon. 22T BEET VKBS IZT Te<,
KNSR FKDFREHEDT — 2 H 65 2 &
MO VLN TWD., —FT, BEET LD
FHR X MIFEFICE S, ®ERFEERES LI
Thod. Z5LERD, BEETAVORKZE LT
GREFEDER SIVED T D, Hociiifisn
TeREFE T VTR Z SR IR CE D720,
FEHEORTHEHATHS. 72> T Graph Neural
Network (GNN) % A v ¥ = 4228 - Him T &
5 Z &N, GNN & e v 7 — &7 LE 4L
DORHEPITONTE T V. L LR s, EEY
BNLH T ASTRRNETH D & D D &
5. ZIT, WEFEOANIEMGES I = v
—a VOREREHWSZ LT, FEVIaL—
varOFtE A FaER LoD, @R T
EHEECZ DA B D, LTI > T, A5
TIL GNN O—F& T& % Graph Convolutional Neural

Boundary Condition Hidden layer

Dl
Input
Low resolution Sim r
Relu
Wt
Hydraulic conductivity
X 1

Network (GCN) % VT, (AR EE D /KEE AR,
BRI A, B L OBEREAE D B g Dk
SEAAHEET D (X 1).

2. Fik

GCN L IFESA LTy UTHEREIND T 70
FH - HEERICHWONDEETFEO-FETHD.
GCN X FTRTRT 77 7BERIALEITHZ LT
777D — NOFHREEZTHT 5.

H®D =g (ﬁ‘%ﬁﬁ‘%ﬂﬂ)e“))

—~

A=1I,+4
ZIZTC, HYYI(+ DBICB T DEERY b,
ol XIEMEALREER, DITRERATHI, AIXBEEEITS, Iy
[ENRITTENALRZ R, @1F GCN O X~ T
THEINDEANNT A =X ThbH. KRIFFETIT,
By I a2l —variiBilserofng s s
TR E B2 L, B ROWERN B B
ATyl LTI TR TS.

Hidden layer

_+_

Qutput

Relu

High resolution head field

TE
+

ENTIEAL R



#1 % Case 7 —X kv b TOREHRE, BIZORMSE
Training Validation Test
Case R2 RMSE R2 RMSE R2 RMSE
1 0.999 0.001 0.999 0.001 0.999 0.001
2 0.999 0.008 0.999 0.009 0.999 0.009
3 0.998 0.001 0.998 0.001 0.998 0.001
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