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Fig. 1 LSTM neural network model structure
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Fig. 2 Study area and drainage section profiles
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Fig. 3 Plot of correlation coefficients for each forecast period

2 A Z A ARG R B TR A A
Exy—Ex+Ey
OxOy

Cov
<D = (14)

Pxy =
OxOy

X pRARMKREG Co R Ir 225 o R i
225 EF BB (E

U AE R AR I A J, DL R AR AR AL 19 52 24 2
Il R 2 A Ak BRAY T AR, DU — e R 1 4R
PR E o BIFFEN B RT R 4% T T B &R
B HE e 45 2R igp D AR IO A IR BE DR SR I Rl TR
i A B, A LSO S8 2 h A 1) R A i A A S T

WAL e R AR B LA DGR BE S ORI BT K b7, 4 B0 6 h 40 Fad 2 5 2 h A .
B VG S i AR AE S AT K A7 o XS AL it TERT S TRy ¢ 520, e AR 5 Ry -0 DL (2 h)
4SRRI A S AR B RIEN SR TR, X SR AN e s 2 AT A, IR
R [ iy A B PR RDRE BE 52 e, A E R ORI bR . WAL SRS LR 1,
F 1 AEBMNEE THRMER TN ISR
Tab. 1 Evaluation metrics of prediction models under different combinations of inputs
75 WALS Eya Eys Erus Enar r R
1 KA FTRAL, Bkt KORESETIK AL FE kT i 0.0179 0.001 0 0.0343 0.000 5 0.983 2 0.9672
2 RE SRR AL . XSRS BT AL XSRSl ik 0.014 2 0.000 9 0.024 1 0.000 4 0.9829 0.965 7
3 KSR AL I AR . XISl i i 0.016 3 0.001 0 0.032 5 0.000 5 0.9823 0.964 3
4 KBTI AL I ARG . XSRS K AL 0.017 3 0.001 1 0.032 7 0.000 5 0.982 7 0.966 2
S i B AT T v = 2 KUl I 1 N = N 81 7 2 = e NP R s 1 R SR

LSTM i £ [ 2% 5 ik 07 0 462 TR0 5 B2 4°F 5 A 2 22
2R, AT LA B X XS Bk 2 ol 3l T K AL A S B ORS
I
3.2 WANEZHAMESHT

MRAE 3.0 TS A5 R AT R N R 2

SRV XBRE G TR A . BRSSO e A, R
VM AR T R BE AR . AR A W] R R AR B, 15
2,

Zi LR, BB I S AT K A7 T8 A I A
XAl KA A AR o

KA TAFR 161 ¢



%23% 18 @A ARA RSP ESO

2025 % 2 A

®2 FARBANEFHEXE

Tab. 2 Correlation of different input factors

F1 R GE 3T, LATSRAS [R) T IYT T X0BE 2R 3l 3l i /K
{7 S A T 45 2R o AN ] DL A0 s i K 2 T 23

BART ki A B 45 S EE 4. 2 BUREE S, BN 2, 4 1
KRR A Stk - .
AR ! *&;ﬁ 6 h A TRIIDR 240 BT 28 052 3. AT L, eI i
STAE NN TN Ty 2 J% . N N N N

T U0 0 7, TR TIN5 i (] G o5 2
AR A 3 0k s " -

" ] (R, LB TR L B R X 2 T —
BRI sl A 4 — BB

ok, 1y ELUE ] TR R R RE X T I B AR R,

3.3 REIFRILE T 3687 A4S T 25 R 4547 BRI JC I TN Pk B ) A, AR A AR X DR 22 LR
331 ZRMM T o
MR 3.2 FrAR 400, B 1 Pl A LG 4 i
344 - . N 344 - e N 344 - e N
—— S —— Y —— S —— Y —— S ——
343 343
342 342
£ 341 E 341
2 340 < 340
33.9 339
33.8 33.8
337 ' 1 ! 1 ' 337 ! 1 ! 1 ! 337
0 76 152 228 304 380 0 38 76 114 152 190 0 19 38 57 76 95
FEAH FEAA BB
(a) TLULII2 YK o7 T30 25 R (b) Tl WLHA4 Wit 7K A7 T 25 (c) TULI6 hiry 7K v T30 25 51
04 - 04 04
0.2+ 0.2+ 0.2
£ £ )
0 i 0 A
3 e
02 =0 02 —»=0
_0‘4 1 1 1 1 1 . _0~4 1 1 1 1 1
0 76 152 228 304 380 0 38 76 114 152 190 0 19 38 57 76 95
HEAA L FEARAEL B
(d) T2 it /K iR 2E45 (e) TULII4 WK 7 1R 2545 () THIA6 hi /K AL 1R 2245
34.4 - 20983 344 120981 3441 120,995
343 | R 0.966 343 | %0962 343 | R:0.987
342 342 342
g g E
= 3411 = 341 S 341+
= = =
& 340} & 340 % 3401
_ e e
339 F & 339+ — A 339 F &
138 -°, & 95% 338k 95% 338 L 95%
e y=x U e y=x | e y=x
1 1 1 1 1 1 ] 1 1 1 1 1 1 1 1 1 1 1 1 1 1
33.7  33.833.934.0 34.1 34.2 343 344 33.7  33.833.9 34.0 34.1 34.2 343 344 33.7  33.833.934.034.1 34.2 34.3 344
S /m S /m SN EHE/m
(g) TRILITI2 hitg e 0L A 45 R (h) T4 LR A 45 (i) FiULII6 it 2k ML A 4521
4 EFWREASERIK TN R
Fig. 4 Analysis of the results of the prediction of pre-station water levels for each forecast period
F3 TAWHA 2.4 F0 6 h FUUAEE ST
Tab. 3 Analysis of prediction accuracy in the prediction period of 2, 4, and 6 h
LI/ KR ZE/m R iz Eua Eys Erus Eyap
2 0.353 6 3.009 5 09122 0.0173 0.001 1 0.0327 0.000 5
4 0.3255 3.076 4 0.9100 0.0177 0.001 0 0.0323 0.000 5
6 0.1472 3.1216 0.908 9 0.017 6 0.000 6 0.025 7 0.000 5
© 162+ KA TEHR



‘K, E ETHANEFH W48 LSTM # 4 3k 3k A1 ACAL 5 i 00 A AL

ZE FTIR, LSTM #2826 Sz Hsf 397 0 455 50 1 B
i 22 A T U0 1) T A S5 v R B AR T R )
KGR | 1 B B P DL R v A I R Sl 312 i
FE4rUE B T HAE Ak B AT Z% sF [R] 3 1 0 ) S
FIEEVE, BB S XS A% 5 3 3 7 7K A PR o TN
332 EEH
P ] 4 7K A7 158 22 235 ] A KA T 35 22 2 4%

D AR R, It — 1 He i iR 2
BRI o B S AR IR ZER L/ A i, 0
Wi 2 hE, 5% 22 2 50K 0.009 5 m, 722K
0.000 9 m, “F-HI{E Jy 0.013 2 m; il WL 4 4 h i, 5%
FZAH AL ECH —0.005 4 m, 7724 0.000 1 m, “F-3)
{H°A—0.006 7 m; T /LI Ky 6 h B, B 22 (EH H 7 80Ch
—0.0133 m, }7254 0.000 4 m, “F-34{E R —0.015 3 m.
RS VN N i B T2 I N R A= [ I R A A 2
2 XHE fe AN BT 0.02 mo XI5 BA B HE AT 43 T
Kl 4 K iR 2 5 R B W i RiR 22 Bk, HR e T
N TR SEEE R . ARSI, kiR
FZEN, BN 4 h B} LSTM 1 25 /) 4 Sk 15 0
TN B fe 5 o

0.5

0.4}

0.3} ]

02} ‘

R /m

I .
o

704 1 1 1 1
0 2 4 6 8
T WL/

B 5 KEIREMKE

Fig. 5 box line diagram of water level error
25 1T, BTN 25 R S B A B Y
PGB, HOR 2216 GBI Z N, LSTM #2489 2% Tl
R 0 255 SR A A, AT LA T XIS A 2 i o i 2K A7
A ST )

4 Hit

AR SCHE T R B A AT B A R T 2 AR R
LSTM A1 28 [ 44 3l iy 7K 437 Si2 Fisf F5 000485 75, -5 A 750
7 FH R K AL R AR 4R 1L AR B XA A, A5 A iR
wF:

WFFE ALY LSTM 1 28 [ 4% 512 1isf 55 280 i % 45

iy U000 XIS B4 2 3l 3l T K 67, LA S DR 40 A 4,
TR 5, T A 3 Sl i i A AN S R T
BB 771 5 T B

T LSTM 1 22 X 4 1242 5 o 1) 4 30 4 ofi
S HALZE, YE 5 OAT b A S8k, ik
A M1 A S B A, B Evay Evss Erus
Hl Eyp 13X 4 THEAREI/NT 0.05, 7 F1 R ¥ KT 0.95;

BTN TR 2 R EE 4 B 2K A 548, 58 2ot
TR ER L MG, F-HIE 5B 55 B, o
RE5 Rt — L IE 1 Ui A9 LSTM it 28 ) 45 3
KA I s T A 764 %) S04 2

S 3Tk

(1] FEEEL, KA, R4, 55, REUKR TR R 4
WL AT B 7% (I, HEVE DLAR T F2 2% 4it, 2024,
42(2): 194-200. DOI: 10.3969/j.issn.1674-8530.23.
0049.

(2] R, PR, 5K, 55, mKICIH TR g Ui
GRS RS I B (1], KRR H AR (h
HE ), 2024, 55(6): 72-83. DOL 10.13928/j.cnki.
wrahe.2024.06.006.

[3] YAN P, ZHANG Z, HOU Q, et al. A novel IBAS-
ELM model for prediction of water levels in front of
pumping stations[J]. Journal of Hydrology, 2023
(616): 128810. DOI: 10.1016/j.jhydrol.2022.128810.

(4] EE#, MEEeE, SiE. BPELkHK R G HE K
W7 AR GRRE (7], K LR IE R, 2024, 42(5):
166-169. DOI: 10.20040/j.cnki.1000-7709.2024.20231
194.

(5] Brfe R, 22981, =, 55, T ek il BP
545 ()25 SR K B TS (3. K B2 I8 5K T
24 4R, 2022, 33(4): 50-57. DOIL: 10.11705/j.issn.
1672-643X.2022.04.07.

(6] XIGefh, MR, SIRHE, 55, 2T GRA-NARX ffi£
D) 284 P4 5% 3l sl T /KA TSRS (0] g /K B 5K
FIRHL (b 35 50), 2022, 20(4): 773-781. DOI: 10.
13476/j.cnki.nsbdgk.2022.0079.

(7] B, BN YD, B AT, 45, msK bR 2 TARRK AL 1)
IK Bl 7w 2 I 25 R G PO RS (0], kb i 5K
IR (P9 0), 2023, 21(6): 1116-1125. DOI: 10.
13476/j.cnki.nsbdgk.2023.0109.

(8] Halte, BAERN, 1 bk, %. 22T Embedding-GRU [
IR AR AR [J]. ma K AL S5 AR B (he
), 2023, 21(5): 940-950. DOI: 10.13476/j.cnki.nsb-
dqk.2023.0100.

(9] sk&EZ, M e, Hioyl, 55 FTHGH LSTM BALR)
UK R K TR JEE W KA R W) ) 233 ] S 5 1
Br L] KRR AR (h3e30), 2022, 53(2): 98-108

KA LFEHR ¢ 163 ¢


https://doi.org/10.3969/j.issn.1674-8530.23.0049
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/10.13928/j.cnki.wrahe.2024.06.006
https://doi.org/
https://doi.org/
https://doi.org/10.1016/j.jhydrol.2022.128810
https://doi.org/10.1016/j.jhydrol.2022.128810
https://doi.org/10.20040/j.cnki.1000-7709.2024.20231194
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/10.11705/j.issn.1672-643X.2022.04.07
https://doi.org/10.11705/j.issn.1672-643X.2022.04.07
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/10.13476/j.cnki.nsbdqk.2022.0079
https://doi.org/
https://doi.org/
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0109
https://doi.org/
https://doi.org/
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/10.13476/j.cnki.nsbdqk.2023.0100
https://doi.org/
https://doi.org/
https://doi.org/
https://doi.org/10.13928/j.cnki.wrahe.2022.02.010
https://doi.org/10.13928/j.cnki.wrahe.2022.02.010
https://doi.org/10.13928/j.cnki.wrahe.2022.02.010
https://doi.org/10.13928/j.cnki.wrahe.2022.02.010
https://doi.org/10.13928/j.cnki.wrahe.2022.02.010

F23% F 1 BAAESARBEFE) 202542 A

DOI: 10.13928/j.cnki.wrahe.2022.02.010. (18] kA, BEik R, TMEMG, 55, 3T AHHC ) = ALAY I8 K

[10] HRNJICA B, BONACCI O. Lake level prediction TARVHE AR INAR [J]. AL S5 KRRk

using feed forward and recurrent neural networks [J]. (FF 3 30), 2021, 19(4): 814-821. DOIL: 10.13476/;.

Water Resources Management, 2019, 33(7): 2471- cnki.nsbdqgk.2021.0085.

2484. DOI: 10.1007/s11269-019-02255-2. (191 #puf =, M, SIeNE, 55, pvkKdb IR AR LV r Bt
(11] # %R, D&, g, 5. 3 F 8 EE IE M DRSN- RUE B A TR (7], pEKAL R 5 KRR

LSTM 45 AU 9 [a] Z2 31T Ui 7K A5 22 ik () R 2 Ft ) e (h#30), 2024, 22(2): 388-398. DOI: 10.13476/j.

(1. KRR AR (R 9E30), 2022, 53(7): 46-57. cnki.nsbdgk.2024.0040.

DOI: 10.13928/j.cnki.wrahe.2022.07.005. [20]  EAREL, JhMD, WEER, 55, AT p KL 2R
[12]  5kfh, XBMM, Lt s, 5. BT ESMD-FE-AJSO- oK R AT (0], B KA TA SRR (e

LSTM H3k i /K IR G AR F0 [7]. 7K Ik ), 2024, 22(3): 445-454. DOI: 10.13476/j.cnki.ns-

K MRHE (Fh#E30), 2024, 22(2): 378-387. DOI: bdqk.2024.0046.

10.13476/j.cnki.nsbdgk.2024.0039. [(21] ELEbk. PBR IR ALz 17 5¢ (D], Trm:
[13] LIU Y, ZHAO Q, HU C, et al. Prediction of storm ¥ B K 2%, 2020. DOI: 10.27166/d.cnki.gsdec.2020.

surge water level based on machine learning meth- 000179.

ods[J]. Atmosphere, 2023, 14(10): 1568-1588. DOI: [22] WANG W, SANG G, ZHAO Q, et al. Water level

10.3390/atmos14101568. prediction of pumping station pre-station based on
[14] = H,FE88, KHEE, & Bk LSTM £ & VLR machine learning methods[J]. Water Supply, 2023,

WP RIS IR TSE (], KRR B4R (b 23(10): 4092-4111. DOL: 10.2166/ws.2023.242.

30), 2024, 55(1): 28-38. DOI: 10.13928/j.cnki.wrahe. [23] LIU M, ZHANG M, ZHANG P, et al. Water level

2024.S1.004. prediction model based on blockchain and LSTM [J].
(151 G, B W, oo, 5. 2 TR it 12 M 4% Journal of Intelligent & Fuzzy Systems, 2024,

(LSTM) 1 pg /K AL IH s Ze K Ar il L], v [ e b 46(1):2371-2380. DOI: 10.3233/JIFS-231411.

JK F 7K H, 2020(10): 189-193. DOL: 10.3969/j.issn. [24] A%, 5Kk, TEHE, 45, J&T BP MM AR

1007-2284.2020.10.034. Vi) R 2 i it K o7 PR ASE AR (0], R 7k b 5 K
(16] AR, LR E, BT, 5. LT 2B kS FIRHE (3 0), 2022, 20(2): 393-407. DOL: 10.

R K T (). B K bR 5 KRR (3 30, 13476/j.cnki.nsbdgk.2022.0040.

2024, 22(1): 99-109. DOI: 10.13476/j.cnki.nsbdgk. (25] FEldmbE, &4, kK&, 5. 3 T JMI-CNN-

2024.0012. LSTM i A5 A (1) 46 0 7K F, sl 1] 7 o 2 At %
[17] MA X, HU H, REN Y. A hybrid deep learning mod- F [T KA HAR (Fhae30), 2023, 54(3): 154-

el based on feature capture of water level influencing 164. DOI: 10.13928/j.cnki.wrahe.2023.03.014.

factors and prediction error correction for water level [26] ARH, THS, A, & & TR URS Bah 574

prediction of cascade hydropower stations under mul- R A AIESE (I]. T R 2% 27 4l (F AR B2 R,

tiple time scales[J]. Journal of Hydrology, 2023, 617: 2024, 52(3): 1-6. DOI: 10.3876/j.issn.1000-1980.

129044. DOI: 10.1016/j.jhydrol.2022.129044. 2024.03.001.

LSTM model for the real-time prediction of pre-station water level
based on input factor analysis

GAO Yiran, LU Longbin, SANG Guoqing, WANG Weilin, LIU Luxia
( School of Water Conservancy and Environment, University of Jinan, Jinan 250022, China )

Abstract: The step pumping station system is a very complex system that consists of the pumping station, barrage
and canal section facilities, for which accurate water level prediction is recommended for the safe operation of water
transfer projects. Machine learning models are widely used for water level prediction because of their fast response
and small overshoot as compared with the traditional hydrodynamic equations. However, the complicated input data
and the difficulty of time series prediction directly limit and affect the prediction accuracy, and raises the question as
how to accurately evaluate the influence of input data on the prediction results to be solve in water level prediction

model. The establishment of machine learning model helps to accurately predict the water level in front of the pump,
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realize intelligent dispatching, improve the operation efficiency of the pumping station, and is of great significance
to the construction of water network.

Long Short-Term Memory (LSTM), as a special recurrent neural network structure, has both the nonlinear
properties of neural networks, and memory and long-term dependence, which facilitates its processing of time series
data. The Changgou pumping station to Denglou pumping station in the Nansi-Dongping Lake section of the South-
to-North Water Transfer East Route is taken as the research object. A framework for analyzing the influence of test
input data on prediction results is proposed to construct a real-time prediction model of water level in front of
pumping station based on LSTM model, and the optimization of the data input set of the prediction model is realized
through the sensitivity analysis of each input factor, while the prediction analysis of the water level in front of
Denglou Pumping Station under different foresight periods is carried out based on the above data combination.

Four input factors, namely water level in front of Changgou station, flow rate of Changgou pumping station,
water level in front of Denglou station and flow rate of Denglou pumping station, were initially determined as model
inputs by the correlation coefficient method. The water level prediction model in front of Denglou pump station with
a foresight period of 2 h is taken as an example, and the combination of input factors is further analyzed, with a
Mean Absolute Error of 0.017 3, Mean Squared Error of 0.001 1, Root Mean Square Error of 0.032 7, and Mean
Absolute Percentage Error of 0.000 5. The inputs for the pre-pumping water level prediction model were ultimately
established as the water level in front of Denglou station, the flow rate at Changgou pumping station, and the water
level in front of Changgou station. Following this, the accuracy of the prediction model for foresight periods of 2
hours, 4 hours, and 6 hours were analyzed, along with an error assessment based on these results. The results show
that the prediction model with a foresight period of 6 h has higher accuracy. For the data anomalies existing in the
model, most of them are caused by the manual regulation process, after removing the anomalies, the overall error of
the model was reduced, and the prediction model with a foresight period of 4 h had the highest accuracy.

The LSTM neural network real-time model constructed can accurately predict the water level in front of
Denglou pumping station, and it fits well with the measured value, with high prediction accuracy, with the absolute
value of the relative water depth error of less than 0.02 m except in the case of the abnormal value. The input
parameters are optimized through sensitivity analysis, and when the input parameters are optimal combinations, the
four indexes of the model were less than 0.05, and the correlation coefficient and the coefficient of determination
were greater than 0.95. The LSTM model can reduce the complexity of the combination of input factors and ensure
the accuracy of prediction. In summary, the model prediction results have a high degree of fit with the measured
values, and their errors are within a reasonable range, and the LSTM prediction model had a stable prediction effect,
which can be used for real-time prediction of the water level in front of the station of the terrace pumping station

system.

Key words: LSTM neural network; station water level; water level prediction; sensitivity analysis; time series
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