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Evaluation of the Impact of Mesh Resolution on Real-Time Flood Inundation Prediction
Using Dimensionality Reduction and Deep Learning
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This paper proposes a surrogate model that integrates dimensionality reduction based on Singular Value Decomposition
(SVD) with deep learning using a Deep Neural Network (DNN) to mitigate the high computational cost of conventional
numerical flood simulations. While the authors have previously demonstrated the effectiveness of this approach, the
present study further examines the impact of mesh resolution on prediction accuracy and computational efficiency.
The proposed method was applied to the lower basin of the Arakawa River in Tokyo. Flood simulations were
conducted using the finite difference method with three mesh resolutions—25 m, 15 m, and 5 m—which served as
reference data. The prediction performance was evaluated in terms of water depth distribution, inundation boundary
location, and computational efficiency. The results revealed that the proposed method consistently maintained high
accuracy across all mesh resolutions while substantially reducing computation time. These findings confirm that the
proposed approach is highly effective for real-time flood prediction.

1. FL®IC

AR, SRR R -%"T%Q@ﬁ%?:ck D IEE & 5=
7J<?EZH£7J’(*ZU1'|3L/’CZB , imﬂéyﬁﬁ/%4t®iﬁ_17¢:4¥u\#%7k
VATDE 57 éﬁﬁﬁﬁﬁéMTwé A E R
W RN X KL D Z84E, & THGH I fE R U, m*ﬁﬁ&&'ﬂ%{ﬁﬂu
OSSN IOVAARARTH S, ZD7d, JLEfRITIC
HOFEKFHY AT L OWFERFEI D 5N T E 720,
WRGFEIA N 2T B0 TIVX A LERIZ e
%E?f)i?%é.

WA, Z OB UEBFEETEA U -FENEH
XNTH Y, Stacked Autoencoder & LSTM % flAEGHHE
722 AR TR D %, BAAB= 2 —F )%y [T —
2 (CNN) % i\ TH 3 D A0 70 M A 0 B i R
7 —R%EAIE U, KPR E RIS FE® Y
DIREINTWVWDS. ZN 5 IIRERTE L ARGHRIF %
KIEIZEEHME LU DD EZHMRdT 2 Z L 2HME LTV

EHOIXINETIZ, oM EREFE 2 HAED
B2 TIVERA LIRS FRITE® 22K, FERMED
fi# (Singular Value Decomposition; SVD) @, JEE fE1751
[A7-43f# (Non-negative Matrix Factorization; NMF), ¥
FUA— v a—4X (Autoencoder; AE) 72 ¥ Z#H L,
TR & N R BRSEE I DR R 7 THID W REC b B
ZEERLTE L. b#b,%v?;%%ﬁ#%ﬂ%ﬁ
PHAMRIZEZ 5B IR T h TR,

A5 T, SVD &{*E?@%%ﬁ&ébﬁf:??ﬁ%%
ﬁb 25m - 15m - Sm A Y ¥ a B NRITA v Y 2 B E

7‘5?@”*5}#2}5 S OFEMEORE L L - REET
5 RS2 — 2 T8 D 12 R[] 14 O R AR AT S L % A
W, ﬁ%rfjﬂ@i@/nﬂk(%T R % SR, SVD TRLM
6@%%{%%’{: HIZER L UTEE 2T, R LR
ROWE D & RFEOERNM2FHNT 5.

X

HFKRDERT J)-Fatzx
T—RDEF-1ERK
]

[ Bk zaL—vavicd a7 —F v EH |
| miﬁﬁ%imﬂi |
| %E#Eﬁ?»mﬂi F—DNN
| i@%f#@%&lﬁ-igm%ﬁ |
| HEEDHE

AM-JOvR

Fig. 1: Flow chart
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Fig. 2: Target area and elevation distribution
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Fig. 3: Example of overflow depth data
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Fig. 4: Flood simulation results of Case A
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Tab. 1: Execution conditions for SVD
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Tab. 2: Training conditions for DNN
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Fig. 4: Overview of the DNN architecture
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Fig. 5: Relationship between the number of compressed
dimensions and RMSE
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Fig. 6: Prediction results for Case A (10 Dimensions)
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