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» Forecasting the urban water demand (UWD) is a crucial issue to ensure
a better design, operation, and management of water distribution
systems (WDSSs).

» The application of Artificial Neural Networks (ANNs) models to predict
the UWD Is an interesting approach because of their powerful ability to Fo o
map nonlinear trend of water demand. TP D v ' e ' e el
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Objective
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» Comparison of different approaches of ANNs models on making short-
term predictions of water consumption using a 15 min time step to
define the most relevant model to integrate into a control tool.

-k b — -
— B N N
SN o T T

< : . : :
_ 0 ah N R (=)} (=2} N N
T T )

Output ~=0.92*Target + 1.1e+03
Output ~=0.89*Target + 1.7e+03

Output ~=0.88*Target + 1.7e+03

Output ~=0.91*Target + 1.2e+03
@ = N B O o N N
Y 3 .

o
o

1.5 2 1 1.5 2
Target <10* Target <10* Target 10" Target <10*

Methodology
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Figure 3. ANN-GA model performance result
City 1 (m3/day)

Figure 2. Single-ANNs model performance result

1) Single-ANNSs: one time training using all the training and validation City 1 (m?/day)

data set and then with one trained network, obtaining the performance
results on the whole test data set.
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2) Multi-ANNs: multiple times training meaning that for each time step In Optimized hyper parameters by GA
. . 2.2
the test data set the whole data before that time step will be used as 5
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topology and hyper parameters to gain a network with the best possible 3 6
performance (Figure 1). i Number of hidden neurons 18 16
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The performance of the models for the 15 min time step prediction
City 2 |
(p:88l7v0:311 2012-2013 2014 3 — —— o 15min Prediction  15min Prediction
3 d,ay'l) (15 months) (7 months) Initial population with multiple individuals ndicator ode (City 1) (City 2)
Multi-ANNs 6.4649 18.9971
- RRMSE Single-ANNS 6.4766 17.7665
New pﬂle'Ei tion . (Relative Root Mean Square Error)
ANN-GA 6.3501 16.2342
T ! Multi-ANNSs 4.2899 14.4939
. . MAPE .
‘ Mutation Apply each individual to train ANN model (Mean Absolute Percentage Erron Single-ANNs 4.2836 14.1631
3 ANN-GA 4.1520 13.2720
l Multi-ANNs 0.9064 0.7673
New individuals with crossover Calculate fitness function (Nash_SutC”Ee s Single-ANNs 0.9061 0.7965
T l ANN-GA 0.9097 0.8301
S EAach E‘i!‘:ﬁ:i;ﬁm o Evaluate each individual v" The novel ANN-GA models are the most accurate prediction models for the
3 short-term UWD forecast for both cities.
o v' Statistical indicators for City 1 are better than City 2. When the size of the
Table 2 Are optimization area increases, the consumption increases as well, and its fluctuations are

Genes values and ranges of the chromosomes

Genes of each

criteria met?

generally mitigated.

Conclusions
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L evenberg-Marquardt ) . Figure 1. Flowchart of ANN-GA mode ** The novel ANN-GA approach introduced In t_hls WOr.k can enhance the

parameter, mu performance of the ANN model for the 15 min prediction.
Maximum validation . 20 ** In both cases studied, the ANN-GA approach showed better performance
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than the other two ANNS models.
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