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Method for urban water demand forecast based on rolling cross-validation//DONG Zengchuan', WANG Jiasheng',
CUI Can', HAN Yalei', CHEN Ronghao', YANG Jialiang®, WANG Shuyun® ( 1. College of Hydrology and Water
Resources, Hohai University, Narmjing 210098, China; 2. Hunan Water Resources and Hydropower Survey, Design,
Planning and Research Co. , Lid. , Changsha 410007, China)

Abstract: To enhance the accuracy of machine learning algorithms in urban water demand forecast, this study proposes a
systematic forecasting method based on rolling cross-validation. The method integrates the construction of an influencing
factor indicator system, the development of forecast models, hyperparameter optimization guided by rolling cross-validation,
and comprehensive model performance evaluation and model selection. The method is validated using Hengyang City as a
case study. The results indicate that the forecast urban water demand of Hengyang City for 2025 closely aligns with the
planned values, demonstrating the applicability and practical value of the method. Moreover, the method exhibits strong
generation ability, allowing flexible adaptation of indicator systems and model structures to accommodate varying regional
socio-economic trends and water use characteristics. The incorporation of rolling cross-validation into the hyperparameter
optimization process significantly enhances the generalization capability and forecast accuracy of the models, making the
method well-suited for real applications in urban water demand management.

Key words: urban water demand forecast; machine learning algorithm; hyperparameter optimization algorithm; rolling
cross-validation; water demand forecast model; Hengyang City
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Table 1 Water demand and its key influencing factors

Ay x,/4L7C x,/4L7T xg/ % x/MLTE xp e m® x /LT xg/m’ xs/m’ xg/ TN y/4¢ m*
2005 150.5 590.9 33.8 216.0 7.91 224.3 335.0 580.0 722.6 34.25
2006 158.1 672. 1 37.0 241.9 8.00 272.1 236.0 519.0 726.5 34.88
2007 192. 4 820.9 41.2 299.7 8.02 328.8 262.0 422.0 728.9 34.33
2008 235.7 1000. 1 42.6 352.0 7.50 412.4 199.0 340.0 731.1 33.11
2009 240.5 1168.0 43.2 427.2 7.73 500. 4 179.0 284.0 739.8 33.20
2010 264. 4 1420.3 44.5 510.2 8. 65 645.7 154.0 235.0 714.8 33.34
2011 290.7 1734.3 47.0 600. 6 8.73 842.9 131.0 206.0 716.6 32.68
2012 322.9 1957.7 47.9 685.3 8.81 949.5 105.0 173.0 719.8 33.05
2013 338.4 2169.4 48.1 791.6 9.50 1039.4 104.0 157.0 725.0 33.97
2014 359.2 2396.6 48.5 917.4 7.96 1119.9 81.0 142.0 730.3 33.91
2015 395.8 2601.6 49.2 1044.7 7.67 1161.0 76.0 125.0 733.8 32.63
2016 430.6 2868.6 51.1 1285.8 7.46 1152.2 69. 6 115.9 728.6 32.53
2017 330.4 2921.5 52.5 1480.0 7.09 I1111.1 64.1 103. 8 720.5 31.76
2018 337.0 3046.0 53.6 1685.4 8.79 1023.6 81.9 111.3 724.3 34.26
2019 380. 1 3372.7 54.9 1901.0 8.00 1091.6 80.0 100. 1 730. 1 32.71
2020 441.7 3508.5 54.3 1907.5 5.39 1159.3 64.5 90. 1 664.2 31.61
2021 446.0 3840.3 55.2 2093.1 4.45 1301.2 47.0 83.2 662. 1 31.97
2022 474.1 4089.7 55.8 2229.2 3.52 1389.3 34.9 80.1 657.7 32.77
2023 461.5 4190.9 57.0 2343.6 3.37 1385.8 34.6 72.3 649.7 30.28
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Table 2 Key hyperparameter range settings for

forecast models

Rl

pom PR = L Byl
. e 2 1 22 T 8K 1~19 EE27e
BP £ PR L
2 TG PR ReL.U/tanh/sigmoid/linear P4
23R 0.0001~0. 1 TF AL
B B T A 9~36 R
LSTM PRETE: 0~0.5 e
)R 0.0001~0. 1 et i
IENES 4 0.1~1000 eIV i
SVR UK IR BB 5L 0.01~1 T
W% PR AL linear/poly/ rbf/ sigmoid PREK
I 2 PR TR B 2~5 A
R 100~ 1000 R
Sy N 6~12 EE24e
EES 0.01~0.3 EIE e
XGBoost FEAFEE L] 0.5~1.0 eV i
FRAE T4 L B 0.5~1.0 R
/Y B4R 0-~5 e
/N AL 1~10 7 AL
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Table 3 Parameter setting for optimization algorithms

A e W g

LA S ST 30
HACREL 50

PSO [ 0.5

cy 0.3

w 0.9
5O BERLAE R UKL 20
Ptk kAL 100
Optuna 238 AL 100

ey oy BN EIRIRE S22 T B w S BUHEAE
2.5 TRNAEEMERE VTG
S SRR B A SE T e K A
TR B OB S BRI, W3k 4 s RN AetE:
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Table 4 Optimal hyperparameter calibration

results of models

T A Ay KEEHESEL PSO H: BO Bk Optuna
. 504y EZ ST 8 9 12
BP #i&: o
¥ 24 s R tanh tanh tanh
o) H 0.0116 0.1000  0.0200
[GEE T 27 20 29
LSTM EFRR 0.0012 0.2490  0.0019
)R 0.0091 0.0092  0.0072
IENES4L 733.7  0.100 0.624
SVR  AEURBIRESE 0.493  0.010 0.533
% RS TY poly linear sigmoid
) Kl 131 355 738
KRR 12 6 6
)R 0.224  0.300 0. 255
XGBoost FEA T LG 5] 0. 640 1.00 0.502
FRETFHE LL 5] 0.985 1.00 0.901
s/ N AARR 0.317  0.782 0.453
e/ AR 3.98 2.48 2.35
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Table 5 Evaluation results of performance of forecast models

Y ZHAE (2005—2020 4F)

MR EE (2021—2023 4F)

S S e {1 A e L b
T A Y G 3 Gy = R W (N G I (o VAR m MSEAZm MAPE/%  MAE/Zm® MSE/AZ m MAPE/%
PSO 0. 408 0.207 0. 068 0.617 0. 440 0.214 1.394
BP £ 4% BO 0. 485 0.312 0.074 0. 825 0. 820 0.731 2.59%4
Optuna 0.419 0.124 0.031 0.372 0. 653 0.484 2. 061
PSO 0.753 0. 151 0.038 0.455 1.110 1.463 3.471
LSTM BO 0.812 0.230 0.075 0. 687 1.113 1.424 3.547
Optuna 0.701 0.176 0.051 0.529 1. 000 1.136 3.166
PSO 0. 688 0.438 0.223 1.316 1.027 1. 166 3.219
SVR BO 0. 883 0.392 0.331 1.162 1.247 1.611 3.928
Optuna 0.712 0.589 0.500 1.756 1.213 1.531 3.822
PSO 0.428 0. 196 0.059 0.59 0. 840 0.736 2.639
XGBoost BO 0. 447 0.227 0. 100 0. 682 1.925 1.874 4. 898
Optuna 0. 445 0.209 0. 068 0. 628 1.097 1.238 3.453
~— GBI —~ PSO-BPZSFIFRHLA e R0 o A 38 Wk
] Optuna—LSTMT%L"! — PSO-SVRAHY K6 4MTAXBIFHRITHER
35 5~ PSO-XGBoost %!
Table 6 Evaluation results of performance of 4-fold
- ll cross-validation
ISESL BOADY LR MAE/AZm® MSE/Zm®  MAPE/%
g 2l W PSO 0.765 0.585 2.420
e BP i 2 [ 4% BO 0. 966 0.931 3.050
31r \ Optuna 0. 887 0.787 2. 800
20 . . ! PSO 1. 360 1. 850 4.290
2005 2011 2017 2023 LSTM BO 1.220 1.490 3.850
Ay Optuna 1.235 1.525 3.900
E1 EXEWMUEERE PSO 1.129 1.276 3.570
Fig. 1 Results of water demand forecast SVR BO 1. 376 895 4330
Optuna 1.246 1.553 3.940
2021—2023 40} 8] )5 5 2504 Sy a4 . YN 2B B PSO 0. 890 0.792 2.810
;I%)EH 4 Tﬁilgﬁﬁ%lﬂ% , )I% 2005—2020 ﬁzﬁf}ﬁﬁfﬁﬂ‘ XGBoost BO 1.361 1.852 4.300
Optuna 1. 176 1.381 3.710
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