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Water Demand Prediction Based on KS-PSO-BP Neural Network

Coupled Model: A Case Study of Jiangsu Province
LI En', SUN Bo-ming®, SUN Xiao-wen’, ZHAO Min®, YAO Xiang-yang®, YAN Bing'

( 1.Department of Hydrology and Water Resources, Nanjing Hydraulic Research Institute, Nanjing 210029, China;
2.Resources and Environment Department of Jiangsu Province Water Engineering Sci-tech Consulting Co., Ltd.,
Nanjing 210029, China; 3.Department of Water Resources Planning, Jiangsu Provincial Water Resources Service
Center, Nanjing 210028, China; 4.Department of Yangize River Flood Control Management, Zhangjiagang Water
Authority, Suzhou 215621, China)

Abstract; [ Objective | Current research on water demand prediction primarily focuses on improving prediction ac-
curacy, while studies on interval prediction of water demand remain limited. This study aims to further improve pre-
diction accuracy, reduce error interval and reflect the actual regional water demand by incorporating the Kolmogor-
ov-Smirnov ( K-S) normal interval estimation into BP (back propagation) neural network model. [ Methods | In
view of a wide range of water demand influencing factors, limited sample series, and significant demand fluctuations
in Jiangsu Province, we coupled the K-S normal interval estimation with particle swarm optimization ( PSO) and BP
neural network. Specific processes are as follows: the degree of influence and the number of key factors were pre-
liminarily identified through principal component analysis (PCA), followed by the calculation of grey relational
grades (GRG) to determine the final water demand influencing factor index. This index was utilized as input for
both BP and PSO-BP neural networks. The final model was then selected by comparing performance indicators, in-
cluding relative error, Nash-Sutcliffe efficiency (NSE), and coefficient of determination (R*). Using multiple fit-
ting iterations of the PSO-BP neural network, the sample size was expanded, and the K-S normality test and normal

interval estimation were performed to further narrow the relative error intervals of the water demand prediction re-
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sults. [ Results] 1) Eight primary influencing factors of water demand were identified for Jiangsu Province ; popula-
tion, GDP, added value of secondary industry, added value of tertiary industry, per capita urban domestic water
consumption, per capita rural domestic water consumption, irrigation water quota per mu (1 mu=~666.7 m”) , and
water consumption per 10 000 yuan of industrial added value. 2) Both BP and PSO-BP neural networks exhibited
strong performance in fitting historical water demand data, demonstrating their feasibility for future water demand
prediction. Specifically, the PSO-BP neural network outperformed the standard BP network in the relative error of
water demand prediction. The maximum relative errors for the training, validation, and testing samples were
2.23%, 0.88%, and 1.19% , respectively, with an average training error of 1.03%. The NSE and R” reached 0.98
and 0.99, respectively. 3) The selection of sample size significantly influenced the prediction results of water de-
mand. With the increase of the sample size, the average value of samples was closer to the real value, and the over-
all prediction results of samples were more stable. The increase of sample size would reduce the benefit of improving
the accuracy of the overall prediction results. 4) The K-S normality test and normal interval estimation stabilized the
prediction results, substantially narrowed the error intervals, and better reflected the actual water demand. At a
95% confidence level, the relative error intervals of water demand prediction in 2021, 2022, and 2023 in Jiangsu
Province were reduced to —0.23%-0.09%, —0.28%-0.01%, and —0.28%—0.02%, respectively. [ Conclusion ]
The KS-PSO-BP neural network coupled model significantly reduces the error range and provides more stable and
accurate prediction results that closely align with actual water demand in Jiangsu Province. The model serves as an
effective method for regional water demand prediction and offers valuable guidance for future water resources plan-

ning in Jiangsu Province.

Key words :water demand prediction; principal component analysis; grey relational analysis; PSO-BP neural net-

work ; K-S normality test
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Table 1 Results of principal component analysis
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Table 2 Extraction of principal component indicators
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Table 4 Statistics of fitting accuracy of water demand

prediction methods
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Fig.2 Annual fitting results and relative errors of

neural network models
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Table 5 Statistics of water demand prediction results of
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Table 6 Interval prediction results from 2021 to 2023
based on KS-PSO-BP neural network coupled model
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-0.28% ~0.01% ,-0.28% ~ 0.02% . i B} KS-PSO-BP
22 I 28 AR G AR T LA, AR /N 22 DX I) i 44
ISR AT E R0 T

4 & ®

ARG G VLI E T K FPE, 78 PSO-BP ffi 8
W25 B LR |, 51 A K-S TE 2546 56 LA M 1E 285 X el £
T, FEE KS-PSO-BP 1 22 [ 26 4 A #5L 78, XF VL4
T K A R AT DX R O, EEELE R .

(1)BP #2224 L) Jz PSO-BP i 25 [ 28 40145V
I D R KB R R A, T TRV IR A R
g K i, Hor PSO-BP i 25 9] 45 78 151 I 45 S AH XoF
w2 AT BP Mg 4, Yl b A e AR R 25 |
Y5 UE AR AR S5 KOAH R 158 2 G S A i R AR % 15 2 DA
R G5B A7 4 40 X6 15 22 43 51 R 2.23% . 0.88%
1.19% . 1.03% , #£ A< 94 H+ & 8. e e R 80 5
0.98 .0.99,

(2) PSO-BP 12 [ 45 1o ) 245 JF 52 30 1B 50 08 11 i
Bt XTI 2021 4F 2022 42023 AR #E T RE K T
DR, 50000 AF X6 15 22 X 8] 43 591 R —1.55% ~ 1.14%
~1.65% ~1.23% .~ 1.64% ~ 1.18% , F2 . Jg A X 15 2% X
B, M DL LS ST I8 SEPR s K O

(3) it 5] A K-S 1E&H 50 DL GE A X Al 1
J& , 857 KS-PSO-BP 1 28 [ 28 Fili 5 A5 Y, W DA fifi 45
TOI 25 5 SIS , BRIV 52 22 DX [] , B g J
WL PRF KIS L. TEEARE 95% 15 L, XI5
A 2021 42022 4F 2023 AFHEA TR 2K TN A, 00
ARXT R 22 X 1] 43 3] A —0.23% ~ 0.09% , —0.28% ~
0.01% .~0.28% ~0.02% .,
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