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Abstract

It is an essential to predict water usage for establishing an optimal supply operation plan and reducing power consumption. However,
the water usage by consumer has a non-linear characteristics due to various factors such as user type, usage pattern, and weather condition.
Therefore, in order to predict the water consumption, we proposed the methodology linking various techniques that can consider
non-linear characteristics of water use and we called it as KWD framework. Say, K-means (K) cluster analysis was performed to classify
similar patterns according to usage of each individual consumer; then Wavelet (W) transform was applied to derive main periodic
pattern of the usage by removing noise components; also, Deep (D) learning algorithm was used for trying to do learning of non-linear
characteristics of water usage. The performance of a proposed framework or model was analyzed by comparing with the ARMA model,
which is a linear time series model. As a result, the proposed model showed the correlation of 92% and ARMA model showed about 39%.
Therefore, we had known that the performance of the proposed model was better than a linear time series model and KWD framework
could be used for other nonlinear time series which has similar pattern with water usage. Therefore, if the KWD framework is used, it
will be possible to accurately predict water usage and establish an optimal supply plan every the various event.
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Fig. 6. The result of K-means clustering

Table 2. Average value of diameter and total water usage for each

group
Group | Type of occupancy Diameter Total usage
A Household 15 mm 190 m*
B General 17.84 mm 734 m’®
C Household 15 mm 181 m’
D Household 15 mm 157 m’
E Household 15 mm 156 m’
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Table 3. The parameter of DNN model

Index Parameter
Activation function 1 Relu
Activation function 2 Relu
Activation function 3 Relu
Activation function 4 Sigmoid

Loss function MSE
Optimizer Adam
Epoch 30
Batch size 7
ooz,
001 |
o.oos |
nooe— |
0004 4
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0.002 Vo X
N T -— » .
T T T T T m
5 10 15 20 25 at

M loss val_loss

Fig. 10. The result of optimization (training)
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Fig. 11. the structure of optimal ARMA Model using stepwise
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Fig. 12. Time series of training result
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Table 4. Evaluation for each model (training data)

Model cC R? RMSE (m®)
Proposed model 94.66% 89.61% 29.52
ARMA 62.70% 39.31% 121.11
Table 5. Evaluation for each model (test data)
Model cC R? RMSE (m’)
Proposed model 92.53% 85.63% 77.22
ARMA 39.31% 13.14% 181.27
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Date
(@) KWD framework
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Fig. 13. Time series of test result
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