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Short-term water demand prediction model using kernel-based
extreme learning machine
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(Faculty of Architecture, Civil and Transportation Engineering, Beijing University of Technology, Beijing 100124, China)

Abstract; To meet the requirements of the daily management of water supply systems for short-term water demand
prediction timeliness, a kernel-based extreme learning machine model ( KELM) was established, which requires
short training time. From the perspective of improving the prediction accuracy, a residual correction module based
on the Fourier series (FS) was constructed, which was used to model the difference between the initial predicted
value and the observed value of water demand, and the residual correction of the initial predicted value was
completed. The module was superimposed on the KELM model to form the hybrid prediction model (KELM + FS).
The performance of the models was tested using real water demand data. Experimental results show that the KELM
model could produce similar prediction accuracy as the artificial neural network model and the support vector
regression model, but the prediction time was only about 5% of the average time of the two models. Compared with
the KELM model, the relative prediction accuracy of the hybrid model KELM + FS was improved by about 12%
without significantly increasing the prediction time. Therefore, when applied to short-term water demand
prediction, both the single model KELM and the hybrid model KELM + FS could achieve the goal of improving the
prediction efficiency.
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Fig. 1 Typical structures of ELM and KELM with multidimensional

input and one-dimensional output
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Tab.1 Basic water demand data for three DMAs

BN/ BTk ATk Tk R e 2/ ,
G5 H 01 N T o L BREK
(m*h") (m*h") (m*h") (m*h~")
DMA1 38.00 168.00 97.63 31.60 0.32
2019-06-01—
DMA2 20190730 16. 88 67.04 36.49 11.20 0.30
DMA3 36.00 108.00 65.96 15.38 0.23
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Tab.2 Main parameter values of each single model
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Tab.3  Performance indicators of prediction models ontest set

. R Eyap/ % T E] /s
DMA1 DMA2 DMA3 DMA1 DMA2 DMA3 DMA1 DMA2 DMA3
KELM 0.977 0.965 0.958 4.329 4.387 3.890 6.513 6.433 6.005
ANN 0.973 0.963 0.957 4.653 4.300 3.980 123.191 123.837 118.777
SVR 0.975 0.957 0.955 4.487 4.458 4.027 117.465 115.265 105.468
ELM 0.762 0.916 0.918 12.538 6.734 4.027 25.148 27.440 26.392
KELM +FS 0.980 0.974 0.962 3.809 3.633 3.565 10.928 11.121 10. 621
ANN +FS 0.976 0.974 0.960 4.216 3.678 3.608 130.228 129.374 123.811
SVR + FS 0.978 0.972 0.958 4.024 3.744 3.698 122.472 120. 025 111.181
ELM + FS 0.914 0.944 0.957 8.335 5.644 3.698 30.297 32.172 30. 895
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Fig.3 Curves of predicted and observed values of each single
model
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Tab.4  Performance indicators of KELM prediction model on five consecutive days

1 r Pune/%
DMAI DMA2 DMA3 DMAI DMA2 DMA3
2019 -07 -26 0.977 0. 965 0.958 4.329 4.387 3.890
2019 -07 -27 0.951 0.951 0.947 5.135 5.193 3.766
2019 -07 -28 0.967 0.970 0.956 4.626 4.622 3.971
2019 -07 -29 0.964 0.941 0.942 4.978 5.097 4.073
2019 -07 -30 0.977 0.947 0.935 4.184 5.067 4.256
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