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Application of Bayesian neural network to prediction of urban short term water consumption
ZHAN Min',XUE Hut feng’>, WANG Hat ning', WAN Y#

(1. China Academy of Aerosp ace Systems Science and Engineering, Beijing 100037, China;

2. Water Resource Management Center, Ministry of Water Resources, Beijing 100053, China)
Abstract: Under the background of im plementation of the most stringent management regulations on water resources, the predic
tion of short term water consum ption is playing an increasingly significant role in urban water supply system scheduling. Based
on the analysis of the temporal evolution pattern and random factors of short term water consumption, a Bayesian neural net
work prediction model for urban short term water consumption was built with the daily maximum temperature, daily water cor
sumption of the previous 7 days,ratio of water consumption of the current month to the annual amount, daily precipitation, and
holidays as predictors of short term w ater consumption. M eanw hile, Bayesian regularization w as used to optim ize BP neural net
work. Both BP network model and the optimized model were applied to a running w ater company in Guangzhou City for tesing.
The results indicated that the mean absolute percentage error of the Bayesian neural network prediction model was 0. 87%,
while that of the BP neural net work prediction model was 1.85% . Com pared to the BP neural netw ork prediction model, t he opr
timized model has stronger generalization ability, with accuracy improved by about 0.98% . Thus, it fits better with the higlr pre
cision requirement of urban short term water prediction.
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Fig. 1 Structure model of BP Neural Network
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Fig.2 The fitting of BP neural network to the training samples
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Fig. 3 The fitting of Bayesian neural

network to the training samples
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Fig.4 Relative prediction error curves of Bayesian
neural network and BP neural network
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Tab 1 Comparison between output values of BP neural network and Bayesian neural network prediction models and actual observed values
& B A KLU /> KR FAE/ m? IR ZE(%)
BP HZE [ 45 DU S8 o 228 ) BP # 4 45 DU S8 o 2 ] 5
2015 1220 1 064 237 1 073 922 1 067 536 0.91 0.31
2015 1221 1113 568 1 098 423 1 107 109 - 1.36 - 0.58
2015 1222 1090 511 1 101 089 1 095 855 0.97 0. 49
2015 1223 1058 940 1 060 423 1 062 646 0.34 0.35
2015 1224 1061 205 1 069 164 1 065 238 0.75 0.38
2015 1225 1125 190 1 115 401 1 120 127 - 0.87 - 0.45
2015 1226 1011 806 1 003 914 1 015 044 -0.78 0.32
2015 1227 710 809 737 962 722 537 3.82 1.65
2015 1228 689 238 699 990 695 579 1.56 0.92
2015 1229 603 357 609 210 607 641 0.97 0.71
2015 1230 1173 463 1 126 877 1 194 468 -3.97 1.79
2015 1231 978 112 1 003 152 985 252 2.56 0.73
2016 0+ 01 992 745 1 000 985 1 001 481 0.83 0.88
2016 0+ 02 1136 261 1107741 1 129216 -2.51 - 0.62
2016 0+ 03 583 260 616 856 600 058 5.76 2.89
2 BP 2% R 2R L, 8 R 28 (N2 AL RE 70, i 4 R

Tab.2 Performance parameters of BP neural

network and Bayesian neural network prediction models

oA 2 M APE( %) RMSE/ m?
BP #1 £ k) 2% 1.85 20 580
DI J7 0 22 ) 24 0.87 9 106
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Tab.3 The connection weights of BP neural network
Inputl Input 2 Input 3 Input 4 Input 5 Input 6 Input 7 Input 8 Input 9 Input 10  Input 11
Hidden 1 - 0.2640 0.7731 - 0.8199 - 0.6872 - 0.1104 0.1326 0.9703 0.4455 - 0.9979 0.6674 0.0156
Hidden 2 - 0.1331 - 0.5728 - 0.0548 0.3770 0.2595 0.1205 - 0.0644 - 0.3243 0.7232 - 0.2773 - 0.0330
Hidden 3 - 0.1696  0.3064 - 0.6489 0.2506 - 0.0919 0.1246 0.1101 - 0.2176 - 0.3474 0.1175 0.3928
Hidden 4 - 0.2858 - 0.5354 0.5973 - 0.2489 - 0.0525 - 0.3168 - 0.0637 0.3276 0.2126 0.4133 - 0.2620
Hidden 5 - 0.1760 - 0.3427 - 0.0533 - 0.3989 - 0.5641 — 0.4398 0.2976 1. 0705 0.4239 0.3314 0. 1130
4
Tab.4 The connection weights of Bayesian neural network
Input 1 Input 2 Input 3 Input 4  Input 5 Input 6 Input 7 Input 8 Input9  Input 10  Input 11
Hidden 1 0.6530 - 0.3669 0.0001 - 0.5642 - 0.0001 0.1715 0.3767 - 0.0001 - 0.1854 - 0.3226  0.0001
Hidden 2 0.0001 - 0.2599 0.2075 - 0.1877 0.1774  0.2250 0. 5049 0. 0504 0. 0706 0.0885  0.0001
Hidden 3 0.1356 - 0.0397 - 0.0001 - 0.0001 - 0.1503 - 0. 1329 0. 0001 0.0373 0. 0001 0.0687 - 0.0941
Hidden 4 0.1996 - 0.1999 0.0001 0.3816 0.0646 - 0.3707 - 0.5419 0. 0001 0. 4354 0.1313 - 0.4905
Hidden 5 - 0.1617 - 0.0001 - 0. 0875 0.1962 - 0.2520 0.0001 0. 6383 0.3730 0.2673 - 0.0001 - 0.1979
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