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Studying the Effect of Wavelet Transform on
the Uncertainty of Artificial Neural Network-
Based Models and Extreme Learning Machines
for the Prediction of Urban Water Demand
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Abstract

Urban water demand prediction has been one of the
contemporary concerns of modern urban societies. In this vein,
many studies have been carried out comparing the performance
of different models. By the introduction of artificial neural
networks (ANNs), the discussion about the accuracy
improvement of ANNs using wavelet transforms (WTs) was
heated up. In many research, the effect of using WTs on the
performance and the accuracy of ANNs drew many attentions.
However, the effect of using WTs on the uncertainties
associated with ANNs has not been investigated. In this study,
the performance and the uncertainty of two ANN-based
models, i.e., nonlinear autoregressive network with exogenous
inputs (NARX) and extreme learning machines (ELM) were
studied and the wavelet version of those, i.e., W_NARX and
W_ELM were used for the prediction of urban water demand
of Mahdie Residential Complex. The results indicated that
NARX (regression coefficient (R) of 0.955) is more accurate
than ELM (R of 0.787). On the other, the WT version of these
models had the R of 0.960 and 0.847, respectively, indicating
the outperformance of W_NARX model. The reason for the
lower accuracy of ELM could be found in the complexity of
the water consumer behavior and the simpler structure of ELM
than NARX. Besides, the implementation of WTs had a
positive effect on both models, but ELM more. The results of
the uncertainty analysis of both models indicated a decrease in
uncertainty. However, this was more considerable in
W_NARX with the confidence interval of 98.75%.
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Fig. 1- Aerial photo of the study area
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Table 1- The result of the performance assessment
of the models for the optimization of transfer

function
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NARX logsig 0.921
1 tansig 0.942
W_NARX logsig 0.937
tansig 0.722
ELM logsig 0.742
2 tansig 0.801
W_ELM logsig 0.815

1. Wavelet coupled NARX
2. Wavelet coupled ELM
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Fig. 4- Spearman’s correlation heat map and the statistical significance of the explanatory variables of
hourly water demand of Mahdie Residential Complex
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Fig. 5- 14-hour cross-correlation of the explanatory variables of Mahdie Residential Complex
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Table 2- The result of the performance assessment of the models for the prediction of urban water demand
of Mahdie Residential Complex
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Coefficient of

Net Type Train error (MSE) Validation Error (MSE) Test Error (MSE) Determination
W_NARX! 18.50 20.00 19.30 0.960
W_ELM? 26.31 No validation error 28.83 0.847
NARX 21.26 19.91 18.98 0.955
ELM 31.31 No validation error 36.06 0.787
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Fig. 6- Performance comparison of ELM, W_ELM, W_NARX and NARX models after 30 runs for finding
the best model
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