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Abstract

Inrecent years, the continuous advancement of urbanization and the constant expansion of population
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size have posed increasingly severe challenges to the stable operation of urban water supply sys-
tems. Accurate water supply forecasting has thus become one of the core issues in urban water man-
agement. Traditional statistical forecasting methods often struggle to effectively capture the intrin-
sic complex nonlinear characteristics when processing water supply time series, which to some ex-
tent limits further improvement in prediction accuracy. To address this problem, this paper pro-
poses an urban water supply forecasting method based on Long Short-Term Memory (LSTM) net-
work. Using daily water supply data from a provincial capital city in 2019, a data structure suitable
for time series modeling was constructed through preprocessing steps including data cleaning, fea-
ture construction, and sample set partitioning, with Bidirectional LSTM (BiLSTM) added for com-
parative experiments. To validate the effectiveness of the proposed method, the LSTM and BiLSTM
models were compared with traditional machine learning models including Linear Regression (LR),
Support Vector Machine (SVM), and Random Forest (RF). Mean Absolute Percentage Error (MAPE)
and Root Mean Squared Error (RMSE) were adopted as evaluation metrics. Experimental results
show that the LSTM model achieves a MAPE of 2.62% and a mean absolute error of 0.35 x 10* m3/d
on the test set, while BiLSTM achieves a MAPE of 2.28% and a mean absolute error of 0.30 x 104
m3/d, demonstrating significantly superior performance compared to the benchmark models, ef-
fectively capturing the temporal dependence characteristics within urban water supply sequences.
The research findings provide reliable data support and methodological reference for the scientific
scheduling and intelligent management of urban water supply systems.
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(LSTM) I AT TEEMLH], @S] SN T 1A T D0 B s BT R i ], G 3800 Bt Sfg 3 pf
2 X2 7E FRABK AR (VOB FE Y S IR 6], CYEHL AT 6y ZCBI R /K SO S5 AT AR 32 DL H
[7], K E At 7 4T H RS2 4% 1]. Bidirectional LSTM (BiLSTM)id i [Fl 25 @ #5117 5 J5 7]
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YR, CABFFE LSTM B T K BT[] (9], (HE2 4 T3 EMIE, 5 BILSTM KL%
WLES 2 ST R RS PERT LA 7840 - PR, FFJ@ LSTM 5 BiLSTM A 7K & TS 5 11 2 S itk %of LU A 9
HA BB PSR 2N .

1.2. MEABREF*
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(Y B T PP Z T 7 2 e R e t, BN B EIELL N =AM
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2)LSTM 5 BiLSTM Tl A5 7 4 d . 3T TensorFlow HEZE#5 4 LSTM 5 BILSTM fi /K FE Fiu A A,
WTHERC I 28 2540 S5 S E, RSP 4% B 43 iR Z(MAPE) UK R S Adam 14625 578 i 2
EACIE

3) SRR S SR R SEECZRTE EH(LR) . LFFAEALSVM). BEHLARAR(RF)VE J % L3t
#E, RH MAPE. RMSE “&4abrib AT HERE VAL o EHOE E R« o R H . F/KERAE HE A,
ST IR BE B3 HT, FIHT LSTM. BILSTM 536 HEAS R SR B 7 S (K B IR, 36 UE AR 8 S B i 38 3 S P 11
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2. RS MmAE

AT SIS HAR IR AR 2 T KA BRI T 2019 ARFE ALK EMEINESR (2019 £ 1 A 1 HE 12 A 31
H), FE3REL 365 NHREREA, e H AR E. HKNDRRAIRERRE 1] [2]. AFzHt
IKEFFHZETTVES PR, 45 USR8 2 4ERT AR RRAE, G B fE(H . B B, 2
BRAR) RREFE(HFASE FKE MR KGE) LB B RGE e R E . 5% H) & iE
RRAEGRT 7 HAPIRKE. 37 1 HAEKSE. AR ER), DA SRR R I 7 (o R IMEBLRE /1 1] [2].

TEHCHE AR ER Y B, SR ZR MR AR V20 F KON 11 SR ARAE P (R B A AT AN, DAORIE B 2 1)
S R[] [2]; T 3 i bsEZE N Qo DR S T AE[10], FERARTAIE R 72T MEIE,
DA S 1 e S A AR AL YNGR T4 1] (9]0 R, XK S 8 & SRR IE AR S AT I3 — A AL B, R s i
Z[0, 11X 18], PAWERENZE TR A IR . 28 FRIRFE, B&IR1E 365 NA R H NEREAF T2
ST o

FERAREERN 7T, TEREIEI AR, 4220 7:1:2 EEBIR R IR (255 ) TRIEEE(B6 D)
HMARET4 A [1] [9]. ARTHEALTA G Fafdtt, EUIZRENTERA 5 38 XEETE S5 S
BEALEFE[9]. 1R 75 2\ RO8E S 7 BEHLIRE AT A8 5 200 (5 SRR 5 45 Rk g, (R BRIVl 1Y)
(RS ERSTE A
3. ERG T KL
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BiLSTM )z [A I A4 @ A 17) 5 J5 M4~ LSTM =, % E 64 MHETT, b4y 128, @il flife
[ri) Ef 7 RS 164 5 T 44 e 8]

AIEREEXT LSTM/BILSTM JZ= i 1 i 4ERF AR EAT PR iR, #2480 5 TN H AR AH VLG FRRAIE 7 &
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()21 H b 25 (8] BB [9]

TSR B, 34800 5 4 LR ZE(MAPEYE MR B2 1] [2], KH Adam fRALE TS5
FEH, WIURS IR BN 0.001, DARFHRSIGERE SilZfa e (0] [11]. IIZdfe s R LA EE 7 5, #EK
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32. AW E

N Z G5 VAl A R 212 9 2 (LS TM) 5 X0 ] K R 1142 199 265 (BILS TM) A% 4 7 39, 17 A /K 12 o0 4 2% o
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AL SIEFE9]. LSTM BMELE W T : LSTM EHEuHE N 64, Dropout EFMZFEN 0.2, VIGHFEIR
790.001, #LALFER /N 16, YRAEEE Ty 100 #IF 51 AN FAFHLEIGT 1L 05 - BILSTM B E 5 LSTM
JeA—%, Bidirectional JZHL7 64 ANHTMIEICS 64 NME TG, fHALIZEEL MAPE R4k k3, K H
Adam AL B AT SEOERTEHO] [11]. Hrb, BAEEH TEASEOAN SO A W, W 1T
o LTI B o

FXTHE A SHORE W . LMERALR:RABIASE: SRR EN(SYM)iEH RBF %, &1
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Figure 1. Feature importance analysis of LSTM model based on SHAP values
B 1. EF SHAP {EH) LSTM REMFEEEM 47
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ERZETHME: 3) ARERPURN TR T, HEEN0.098)% % & T 47K(0.018) 5 X (0.021);
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Figure 2. Comparison of prediction performance between LSTM and the baseline model in typical business scenarios

[ 2. LSTM SRR BN 5537 5 T RO TN 14 BEXT EE

K 2(a) 7R T 2019 FE4EMOKEFNT L2k, LSTM 5 BiLSTM Tl fh 28 S 25 5 & FT 92l 4k
PEFIALR) SCFEFEALSVM) M BENLARAR(RE)AELE B AR 25 . B PRy I = AN SR GRS W
W B MR )R AE R G B TE4E 7 B 0 5

FHl—: FWEENEREQ AV, 40 REA)

2(0) REFTTEIMM TR . 2 HHKEERT— T/EH T2 23.5%. LSTM Tl % 2 N—0.0%
(I 58 L 700), BILSTM A+3.8%, IR #1598 H AR 177 LR R Z% N+16.8% (Fifit), SVM iRZEH
—3.4% (fiefi), FEAERBTIFOM W ZZEK . FHARAJFEHFAET, BILSTM 5 LSTM Ffts [ T HLHIC 2 7 st 7]
B, LG TR HARHIERS U T KRR (9] SEMERRY Bl T 2o ME R, SRR Tk )=454, D
A R B AR AT BB IE .
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Bl 2(c) e 1 M e il 3 s T b o 24 H AHRK I8 B ZRIE(H, LSTM Tl % % 4+1.3%, BiLSTM
N-1.1%, RefERar R EREOM %, i LR, SVM. RF MIAZEAFIFE B A . SFAE bR, SR8
it 30°C RBP4 50 0E R Bh 28 . BILSTM 5 LSTM it K12 86 & B i B AR RN 5 24 H A
ERZ EAEAH, FEAEER MUK SRE, R AT MR FF 2L R3S F KB M 3h &S 0B 1] [2]

FH = RREMMESEHKRERAEHO A LA, %250 KAL)

B 2(d) 2L T RRFEHIAF BN RE 7. 4 H ALK R R 55 S8 5 HYE, LSTM 5
BiLSTM fefgivisli& &%, 1 LR, SVM. RF NI 2P EHfE. BILSTM 5 LSTM & B[ T4 AL <k
AP, BEERAE ) WE N T SHE e R [9]. R RBIER, S5 SRR S TR 2456 52t il
PR “Tm + AZIE” IBAEEAR[][2].

IR AR E], BILSTM 5 LSTM £E 5B H RS TR By R < B A S 5 0 2l 7 4 S Bl 55 1
SRR ER TG, IR T HAE S A3 T A K IR SR T S8 FAME .

3.4. FRIEBHRHIFIEL
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HETRAE ot LIV 1] [2]0 AT AR TR P55 T [ 44 B2 DR AR i N A 2 (A K B TR ASE TR, A 7™ A — 20
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Figure 3. Overall performance comparison and model stability

3. FAMREX L SERREN

 3(a)Xt b T BB SE MAPE 5 RMSE fe#r BRI, Hrr, BiLSTM ] MAPE 4 2.28%, MHE T
LSTM (2.62%)F#{% 13.0%, FET LM FIH(5.14%) SZFFFEAHL(3.66%)FIBEHLAR R (3.16%) 7 5l FEAK T
55.8%-. 37.7%#11 27.8%. LSTM [] MAPE %% LR [£1IK 49.0%, #f—PI0AE | IR FE 2 S AL (K & Tl
R

K 3(b) R T B AR TN R 2 (1) /3 A R E . BiLSTM 5 LSTM {EiR Z2 40 A _E 3“9, Hfl
BN WRAEZER/N R ERFE. LSTM MR ZFRAEZE N 1.81 x 10* m¥y/d, B (KTZMEHH(2.45 x 10*
m¥/d). SZHRFFEIEML(1.74 x 10* m¥/d) S BENLARAR(1.79 x 10* m?/d); BiLSTM #—H L% 1.15 x 10* m¥/d.
TX B PR P 2 S AR B A B e (R IO AR e M 5 SEAR IR 22 I B i, R A i AR o 2 22 () R B0
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# 1 78, BILSTM 5 LSTM fERZESAN ERIE “IBEN WRAED SRz 1R ERHE.
BiLSTM HI 14465157 %(0.30 x 10* m*/d)$; LSTM (0.35 x 10* m*/d)F#1K 14.3%, 1R ZEFRiEZE K 36.5%,
BERTHRGEHEA, UE 1 IR ) BA ALK & R b B 5 i A A SR )R 22 i sh M (6] A
BN, EGRAZ R T 2L & BR 2 PSR AURE 77, HE DA e o 4 PR oK 2 57 71 0 JE e AR A RRAE
[1], FHHREWSAK AR E R ZE[6].

Table 1. Comparison of prediction error distribution characteristics of each model

F 1. BRBTUNIRE 5T FHEXT EE

KR R SPIYER IR TE RYETT R % /NS R 7 BRI b EZE
(10* m¥/d) (10* m/d) (10* m¥/d) (10* m/d)
BiLSTM 1% 0.30 0.97 0.01 1.15
LSTM #7! 0.35 1.15 0.02 1.81
FEHLARA(RE) 0.42 1.45 0.03 1.79
XHFFAEHL(SVM) 0.49 1.53 0.04 1.74
Z& M EIJH(LR) 0.68 1.88 0.05 2.45

25 FRTR, XTEHCSZER 80 IE T LSTM 5 BiLSTM ZE 3 i /K & AT 25 o i RE AR 3491, TCiBAE
TR P58 3 A2 A e M T, YR 2 S R ) (B 25 A AR G Y, R B0 o o () B e AR BE 77 IR, LSTM
5 BILSTM H3& A T3l i i /K X R B A & 4+ B LR MR AE A i B 3 20 ST 45 [ 1] [11].

4. ERE5RE
4.1. EELiP

AIHGEET LSTM 5 BILSTM I3 i /K &I 5 il F fe Rait e, EELRWF:

1) LSTM 5 BiLSTM A& AYAE ORG-S B T 40515 . LSTM 7EM4E L 11 MAPE 4 2.62%,
SFEAERT IR ZEN 035 x 10* m¥/d; BILSTM #f—P 4k 2 MAPE 2.28%, ~“FH#4axti# % 0.30 x 10* m¥%d,
# LR+ SVM. RF ] MAPE 435l &1 55.6% 37.7%. 27.8%, HGIE T 2% S AR 2 70 A i AR 3491

2) XU Ja] i AR — R PR T B . BILSTM FEAES AT /= [ K 1 [ 2P 442, MAPE %¢ LSTM F#AIK
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3) FEFEEM TR T OCEE R EANLE . /T 7 H P HKE©O.168). H43(0.142). HFIX
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30°CHEMERNL, NS iRt 7 B AR .

4) PRGN IAE T B AE MY 55 37 5 s P o AR AR e I A R SR 50, LSTM
TR ZE 53 7H-0.0% +1.3%F1-5.9%, BIiLSTM Tl % 2 7370 +3.8% —1.1%H1-3.5%, HHEHITE 7%
LN, EERTRAERALR HEHWIRZE+16.8%, SVM EIMHRERZE—-14.0%), F&IH R I8 N 5
NifEFI[9].

42. MRERERE

KRB FAFAE LT R : B 08 o5 B — i AT R, FEAR S AR LA IR AEARSR A LA LSTM
5 BILSTM 24, REINTEB MU FIARRE IR B 1 20 T SHAP B, XR8Py ik S AR A B 451
HFZ A IR -
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