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Abstract

Introduction: Smart water resource management is the best short-
time solution for water resource shortages around the world.
Predicting water demand is the primary prerequisite to being aware
of the required water within a short time. Several types of features
ranging from consumption history to meteorological have been used
in water consumption prediction studies. In this article, we aimed at
introducing a forecast model which predicts the monthly water
consumption of urban consumers in Yazd city.

Methods: The proposed prediction framework uses the billing
records of water consumers in Yazd city to extract consumption
history. In addition, external data resources such as business
calendar data, urban water production, meteorological parameters,
the financial value of buildings, and in-stream pressure are collected
and employed in the prediction model. This framework tracks the
changes in consumption behaviors of consumers, which are grouped
according to their volume of water usage to remove consumers with
anomalous consumption behaviors. The cleaned grouped records of
consumption are utilized in the fitting of a quantile regressor with
three breakpoints to forecast the water demand of the consumers for
the next month.

Findings: The results of the experiments showed that the proposed
model’s prediction percentage error is less than 10%. Besides, the
model can recognize consumers with anomalous consumption
behaviors.
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A Monthly Water Consumption Prediction Model for Municipal Consumers

Extended Abstract

Introduction

Water shortage is becoming a major concern
affecting the lives of millions of people
around the world. Drought cycles directly
threaten the drinking water resources,
agriculture, and economy of numerous
countries and implicitly target peace in
various regions on the earth. Predicting the
amount of drinking water, providing a
perspective for future consumption, has
been studied as a prerequisite for active
water management. Consumption
prediction studies focus on their domain and
can be grouped into micro-scale and macro-
scale forecasts. Macro-scale studies focus on
the prediction of consumption of water on
an urban scale, and micro-scale projects
forecast consumer-scale  consumption.
Regardless of their scale, these studies have
faced entirely different challenges. While
macro-scale forecasts are more sensitive to
numerical errors, micro-scale forecasts
suffer from the massive amount of data and
the curse of dimensionality. Urban water
consumption prediction studies with respect
to the data type they used, are categorized
into four groups.

(1) prediction methods using consumption
history

(2) prediction methods using consumption
history and meteorological data

(3) prediction methods using consumption
history, socio-economic and demographic
(4) prediction methods using a mixture of
the above-mentioned data types, as well as
a working calendar

Among the mentioned groups of methods,
the second group is mainly used in water
consumption prediction research studies.
We should note that while demographic and
socio-economic parameters directly affect
the consumption value and can increase the
accuracy of prediction methods, they have
not been taken into account because

1 details of data cleaning methods are denoted in the article

collecting them is expensive and time-
consuming. Furthermore, empirical projects
involving socio-economic data gathering
raise privacy concerns. In this article, we
aimed to predict the monthly water
consumed by urban consumers in the Yazd
city using consumption history and
meteorological data, as well as the working
calendar.

Materials and Methods

In this research, we collect lean a repository
of various data, including,

(1) Working calendar in addition to the date
of unexpected closure

(2) Meteorological data (including 17
different variables)

(3) Consumption history of Yazd urban
consumers

(4) Feed-in water provided by the water
plant and its pressure

All types of data are cleaned to avoid
inconsistencies, and null values are removed
or imputed with appropriate values with
respect to the type of datal. The next step
includes data normalization, transformation,
and feature selection. In this way, the type of
a day as working days, holidays, and
unexpected closures are converted to one-
hot vectors. Meteorological variables are
transformed and aggregated. Aggregated
weather parameters are analyzed using the
LassoCV method to be weighted. The higher
the weight of a parameter, the more capable
it is to forecast the future consumption
value.

History of consumption in the six previous
months and billing factors such as
wastewater usage, water pressure, feed-in
diameter, and type of meter (21 factors in
total) are analyzed using a random forest
regressor to estimate the impact of features.
Accordingly, nine features with maximum
impact on future consumption are selected
to be utilized in the forecast model.

In the final step, eighteen methods such as
OLS Regressor, Bayesian Regressor, MLP
Neural Regressor, LSTM Kernel Regressor,
ELM Regressor, SGD Regressor, and Quantile
Regressor are run on selected features to
predict the consumption value a month
ahead. During our investigation, we found
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that applied methods are suppressed by
their limitations in problem space. To
overcome this challenge, we propose a
combination of an automatic segmentation
method with quantile regression to achieve
more accurate forecasts. The segmentation
method finds the quantiles, including the
data points' major proportion. Then, outliers
(data points has consumption values less
than the lowest quantile or higher than the
highest quantiles) are removed from the
data. In the last step, for every segment, the
quantile regressor is run to estimate the
future consumption value.

Findings

Among the tested methods, the random
forest regressor, Huber regressor, and the
quantile regressor show the best estimation
performance (eq. lowest error rate). The
common feature of all these methods is their
robustness to outlier values. Our deep
investigations show that we tune the
random forest regressor and Huber
regressor with the best values to achieve
higher performance without being stuck in
local optima or over-fitted. We found that
the last best method that is the quantile
regressor, has the ability to be optimized or
manipulated to achieve higher accuracy.
Thus, we combine this method with an
automatic segment detection method to
determine the segments in which the
estimation error of the quantile regressor is
minimized. This method is called piecewise
quantile regression. Our finding show that
boundary quantiles are not symmetrically
placed, and the amount of data points that
are removed from the training step ranges
from 12% to 17% of the total amount of data
in different segments. Our results show that
the proposed method beats the random
forest regressor and the Huber regressor.
Furthermore, the proposed method is
benefitted from the leverage of removing
outliers.

Discussion

We track the error of the proposed method
to find the root cause. Our investigation
reveals that two main patterns are behind
the errors, that are, (1) high consumption
registered in the target month in contrast to

very low consumption in the last three
months, and (2) low consumption in
comparison with a high consumption three-
month history. Both patterns might be
happened due to relocation between rented
houses. In addition, we found that after three
months, the prediction method learns the
consumption pattern of the new residents
and forecasts the consumption in the next
month accurately. One of the most important
findings of this research is the detected
boundaries of consumer segments. Results
confirm that urban consumers in Yazd city
can be grouped into four segments with
respect to their consumption history.

Conclusion

In this article, we review the methods and
approaches that are utilized in forecasting
micro-scale urban water consumption. We
implement eighteen methods from twelve
groups of methods and investigate the top
three methods with minimum error. During
our investigation, we discovered relocation
of residents to rented houses caused the
prediction errors, which came from
inconsistency between the history of
consumption before and after the relocation
of residents. By taking into account this
impact and removing the outliers, our
method, which is constructed from a
segmentation method and quantile
regressor, achieves higher accuracy.
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4 Mean Absolute Error (MAE)
5 Root Mean Square Error (RMSE)
6 Mean Absolute Percentage Error (MAPE)
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! Dummy variables
2 Random Foreset Regressor (RFR)
3Bootstrap
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4 Huber Regressor
5 Overfitting
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1 K-fold cross validation
2 Random Forest Regressor
3 Quantile Regressor
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- Numerical OLS Regression (16)(45) )

- Stochastical M Bayesian Regression (16)(45) Y

Activation:Relu | weight_opt: Adam | L=(30,5,1) ANN % MLP Neural Regressor (16)(45) Y

Activation:Relu | weight_opt: Adam | L=(30,4,1) ANN M MLP Neural Regressor (16)(45) ¥

Activation:Rflzu(slgtlziégl}i'g_opt: Adam | ANN % MLP Neural Regressor (16)(45) o

Activation:Rflzu(3| (‘)A,Ise,izg,}it)_opt: Adam | ANN ™ MLP Neural Regressor (16)(45) %

Activation: tanh | weight_opt: Adam | L=(30,5,1) ANN % MLP Neural Regressor (16)(45) \4

Activation: logisfic | weight_opt: Adam | ANN ¥ MLP Neural Regressor (16)(45) A
L=(30,5,1)

L=(30, 5,1) ANN M LSTM Kernel Regressor (45) 4

Activation: tanh | Regressor: LinearRegression | ANN ¥ ELM Regressor (16)(45) \.
L=(30,4,1)

Activation: tanh | Regressor: SGDRegressor | ANN ¥ ELM Regressor (16)(45) W
L=(30,4,1)

penalty=L2 | tolerance=1e-2 ANN M SGD Regressor (23) VY

Alpha= automatic Stochastical M LassoCV WY

-- Numerical [ ElasticNet VY

alpha=0.0001 | epsilon=1.1 Numerical [ Huber Regressor 4

Estimator=100 | BTstrap: True Stochastical M Random Forest Regressor (45) \e

- Stochastical M RANSAC Regressor \\é

Q=0.5 Numerical [ Quantile Regressor A
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-- VV/VE. INAE Y/ YA OLS! Regression )
- AR AN Y/-vvY Bayesian Regression Y
Activation:Relu | weight_opt: Adam | MLP2 Neural v
ARTAARS ¥IMY Y/ oY
L=(30,5,1) / / / Regressor
Activation:Relu | weight opt: Adam | Wisst | offe- | YN-F | MLP Neural Regressor | Y
L=(30,4,1)
Activation:Relu | weight opt: Adam | WIVAS | OfYA | Y/$oY | MLP Neural Regressor | °
L=(30,4,2,1)
Activation:Relu | weight_opt: Adam | Vel-A- | YE/EVD | OAISYE | MLP Neural Regressor | ©
L=(30,5,2,1)
Activation: tafl_“ (|3"(‘)’65‘*‘=;};t—°pt Adam | OY/YOA | V/SYY | ASAY | MLP Neural Regressor | Y
Activation: logistic | weight opt: Adam | ¥¥YA | Y¥/Ye- | VI\Y | MLP Neural Regressor |
L=(30,5,1)
L=(30,5,1) W | YA | vy LSTM Kernel 2
Regressor
Activation: tanh | Regressor: Y.
DASYY | YYIYE | VY
LinearRegression | L=(30,4,1) : / / ELM Regressor
Activation: tanh | Regressor: SGDRegressor | AV/EYY VE/YF Ve[ 5 ELM Regressor )
L=(30,4,1)
penalty=L2 | tolerance=1e-2 WYD ooV YINS¥ SGD Regressor WY
Alpha= automatic VV/AFA o/FY ATAREY LassoCV WY
-- VWYY INEARN YIvYY ElasticNet V¥
alpha=0.0001 | epsilon=1.1 ARYARAN INARZA VAY . Huber Regressor AN
Estimator=100 | BTstrap: True A/YA- YIASY VEN Random Forest v
Regressor
- W/YEY JAARY YIS RANSAC Regressor VY
Q=0.5 Ve/¥a. AT V/avy Quantile Regressor YA

2 Multi-Layer Perceptron
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Function 2: Select Best Quantiles.

Input: Breakpoint Lower Bounds, L ={0,10,100,1000}
Breakpoint Upper Bounds, U'={10,100,1000, +ux}
Lower Bound Quantiles, 0y ={0.01,0.02, ..., 0.1}
Upper Bound Quantiles, O ={0.90,0.91, ..., 0.99}
Records DataFrame, Data
Quantile Boundary Table, g_table

Output: Best Quantiles Table best g

1 function best_guantile selection (.)
2 best g= ]
3 for [ uin zip(Z,U) -
4 forg;in O; :
3 for g, in Oy
6 dp=Data[(Data[ Mean_Consumption'] = )
7 & (Data[' Mean_Consumption ']<u)]
8 for row in range(g_table shape[0]):
] L. 1. g. 9. 1. u=g_table[row.’]
10 if g,==g and g,==gg:
11 data_part drop(dp[
2 (dp[' Mean_Consumption'] 2 1)
13 & (dp[' Mean_Consumption'[<u,)
14 & (dp['Consumption’] < [,)
15 & (dp[ Consumption’ |zu,)] index,
16 inplace=True) )
17 error =Evaluate(Regressor(dp, Consumption")
18 E append([error. g;. g:])

19 best_q.append(l, u, E[drgmin (E[2,0]),1:2])
20  return best g
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Function 1: Generate Quantiles Table.

Input: Breakpoint Lower Bounds, L ={0,10,100,1000}
Breakpoint Upper Bounds, U'={10,100,1000, +e0}
Lower Bound Quantiles, @; ={0.01,0.02, ..., 0.1}
Upper Bound Quantiles, Q;;={0.90, 0.91, ..., 0.99}
Records DataFrame, Data

Output: Quantile Boundary Table, ¢_table

1 function quantile table generation (.)

2 q table=[ ]

3 for /[ win zip(L,U) :

4 for i in range(/,u) :

5 for ¢; in Oy :

6 for ¢, in O :

7 sle_rec=
Data[(Data[' Mean_Consumption'] = i) &
(Datal'Mean Consumption ']< (i+1) )]

8 ¢;= np.quantile(sle_recl'Consumption'].q;)
9 ¢r= np.quantile(slie_rec['Consumption'].q,)
10 q_table.append([i, i+1. q;, ¢5 q1. qu])

11 return g_table
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