2025 %5 A
May 2025

$£15% H5H q] B I E MNE KA
Vol.15 No.5 Intelligent Computer and Applications

T, BRI, WASCA. BET LSTM RN KA R AL [ 1]
issn. 2095-2163. 250522

BREH M-S, 2025,15(5) :156-162. DOI; 10. 20169/j.

EF LSTM B/ 7K & M 7K 43 Tl

FEE, B OB, HXE"”
(1 EMIFEFRE (SR TREZE, 3T #JN 313000;
2HPTIATRALVAREEEES N AWRESSIWE, T # 313000)

HOE. HOKEM RS T I SRz — |, %o R K A R0 v TR0 W] LA 280 0 B3 T I T B FRUK A 3 T O R
T MR WKL BTN B AR IE ARG 5 RS E 22 R, RN 510 m W2 E UK WA E BV R, R8E
D5 BRAENE b DL R SEPRR FHEER . i, B H R KA 2 R4 (LSTM) B TR K B R /K A BUAR Y 2048 100 5543 5 &
B E] P2 A I R 2R 3R T I AR . DU T R — X e R X, e R A A 10 AN L A PR DU D S #
PEXTAERIPEAT T 0AIE, 4552800, Birdi 12k %) 0000 v 2B 0 89% , 1K B T S PR FHELR

KR BN TR AR H0 5 K AE 101245 (LSTM)

FES %S TP389. 1 XEARERD . A XEHS: 2095-2163(2025)05-0156-07

Water level prediction in rainwater pipe network based on LSTM
WANG Jiajia', SHENG Zheng', HU Wenjun'"

(1 School of Information Engineering, Huzhou University, Huzhou 313000, Zhejiang, China; 2 Zhejiang Province Key
Laboratory of Smart Management& Application of Modern Agricultural Resources, Huzhou 313000, Zhejiang, China)

Abstract: The drainage pipe network system is one of the important urban infrastructures. Accurate prediction of the water level in
the pipe network can effectively reduce or eliminate disasters such as road flooding and pipe overflow. Currently, the water level in
the rainwater pipe network has complex relationships with rainfall, including positive correlation, lag effect, and peak delay. It also
has a close relationship with the previous m moment’s water level, making existing methods difficult to meet the requirements of
practical applications in terms of accuracy. To address this issue, a water level prediction model for the rainwater pipe network based
on Long Short-Term Memory (LSTM ) networks is proposed. This model takes into account the influential factors of time series
and improves the prediction accuracy. A specific area in Huzhou City is selected as the experimental zone, and 10 nodes of the pipe
network are chosen for model validation using simulated and measured data. The results show that the proposed method achieves a
prediction accuracy exceeding 89% , meeting the requirements of practical applications.
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Fig. 1 Schematic diagram of recurrent neural network
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Fig. 2 Overall design scheme
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Fig. 3 Distribution of rainwater pipe network system
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Fig. 4 Simulated rainfall data
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Fig. 5 Simulated water level data curve
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Table 1 Rainfall related data

TSR0 Jilst/h B E/mm R/ (mm - hTY)
20234E3 A 17 H 9.0 17.4 4.4
2023 4E5 A 26 A 4.5 23.9 15.8
202346 HO03 H 3.0 25.4 23.6
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Table 2 Water level related data

Fisf 8] IKAZ/m Fisf ] KL/ m
20.05 0.171 20.35 0.169
20:10 0.179 20:40 0.168
20.15 0.191 20.45 0.168
20:20 0.197 2050 0.172
20.25 0.173 20.55 0.170
20:30 0.171 21:00 0.181
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Table 3 Comparison of step size parameters

Lk Val_loss MAE RMSE NSE
3 0.002 5 0.033 0 0.080 0 0.9530
4 0.001 6 0.0210 0.071 0 0.962 0
5 0.001 2 0.022 0 0.050 0 0.980 0
6 0.000 3 0.016 0 0.048 0 0.981 0
7 0.001 5 0.021 2 0.052 6 0.977 0
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Table 4 Comparison of evaluation index results
WAL Val_loss MAE RMSE NSE
N_531 0.000 7 0.009 2 0.014 2 97.5
N_519 0.001 1 0.0113 0.020 0 96. 8
N_352 0. 000 6 0.010 2 0.021 1 97.4
N_461 0.001 8 0.023 2 0.060 6 91.1
N_437 0. 006 2 0.0312 0.061 2 89.5
N_475 0.000 9 0.016 5 0.048 1 89.9
N_421 0.005 0 0.020 2 0.051 3 96.5
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N_120 0.001 4 0.018 1 0.045 2 9.6
N_104 0.001 5 0.017 6 0.046 9 97.2
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