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Abstract:  The prediction of peak liquid levels in sewage manholes can serve as a critical

reference for the early identification of potential issues within drainage networks, enabling proactive
measures to prevent sewage overflow. Compared with traditional time series prediction methods, deep
learning demonstrates superior capabilities in both function fitting and feature learning. Based on the
hourly peak liquid level data collected from four on-line liquid level meters installed in a district of city W
between January and December 2023, peak liquid level prediction models were developed using three
different methodologies: random forest (RF), back propagation (BP) neural network, and long short-term
memory (LSTM) neural network. The performance of these models was evaluated using key evaluation
metrics, including root mean square error (RMSE), mean absolute error (MAE), and the coefficient of
determination (R*). The R* values of the three prediction models, established based on the same dataset,
were very similar and all approach 1, indicating a high degree of model fit for all three predictive methods.

The MAE and RMSE values of the LSTM neural network model were the lowest among the three models,

HEE&TH: KBAEAMAITRTIE(202104i07020012); ERESH AT RITIE (2024YFC3810803)
BIE1EE: ZBID E-mail: guoshuai@hfut.edu.cn

+ 163 -



%415 F 193

OE 4 K HE oK

www. cnww1985. com

indicating that it outperformed the other two in terms of prediction accuracy and stability. Furthermore,

the LSTM model demonstrated superior generalization capability.
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Fig.1 BP neural network structure diagram
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Fig.2 LSTM network structure diagram

- 164 -



www. cnww 1985. com

AR, S TR S 5T 6905 KA iR A BTN 7 ik

%415 %19

1.2 HIENTAE

AR FE R W T REIX 4415 KA A A 13 7R
LRI T (WST~WS4) Wi (1% S s 78 o7 50 , 580 %
AE[E A 1 min, RAEWE] 2 20234F 1 H 1 H—12 1]
22 H, 3356 d. %5 (& 25 KK A S 43 0 b A A2
A B 5 /0N, g T o A5 b N G I ) R A 0 A
T/ INESF A Y A7 5000 1 e R ABLAE Sl — AN REAR
B, 0k BN R A (R L, BRI BR R 1 h, 3
8 544 A WM H s . LA WST FE L i it ),
S ) A7 DAL S i L [T 1 TS
3.5
3.0
2.5
2.0
1.5

AR ASE AP /m

LONg
0.5

0 1068 2136 3204 4272 5340 6408 7476 8 544

AR A
B3 WS1 Rk it il oy ik fIE B HE
Fig.3 Peak liquid level data monitored by WS1 on-line
liquid level gauge
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Fig.4 3D scatter plots of RF model hyper parameter

optimization for WS1
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Fig.5 Hyper parameter optimization results of BP neural
network model for WS2
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Fig.6 Comparison of monitored and predicted values of
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