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a b s t r a c t
Annual water consumption forecasting is critical to the optimal operation and reasonable allocation of 
water resource. Based on the summary of annual water consumption studies at home and abroad, with 
the principle of maximal precision and minimal error, and using data of Chinese water consumption 
in the past 10 years, this paper analyzed the feature and property of time series prediction method in 
water consumption study, predicted China’s water consumption in 2015, 2020 and 2030 and evalu-
ated its accuracy and error through power function model, linear function model, logarithm function 
model and parabolic function model, and its prediction accuracy and error were analyzed. The results 
demonstrated that the parabolic curve fitting correlation coefficient was the biggest and mean absolute 
percent error was the smallest, and the fitting effect was the best when conducting the curve fitting of 
water use in 2015, 2020 and 2030. Research results were basically consistent with those of the actual 
annual water use, which will provide references and basis for the prediction of the regional annual 
water consumption.
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1. Introduction

With the rapid development in technology, economy 
and urbanization as well as the consequent increase in 
population, buildings and all kinds of facilities, aggregate 
water consumption augments by leaps and bounds. In order 
to relieve water supply shortage, many countries are devoted 
to researches seeking efficient solutions, among which water 
consumption forecast is one of the significant studies in 
water resource management. For example, California State of 
America launched the water consumption forecast study as 
early as 1956 and made revision on the result according to 
real water consumption conditions. Japan made water con-
sumption forecast an important index for the decennial land 
planning since 1960. Ever since a variety of countries began 
to use water consumption forecast as a means of fulfilling 

water management policy. The water conservancy depart-
ment in China initiated nation-wide water resource assess-
ment work in 1979, after 7 years, completing the mission in 
1986 with a research report named China Water Consumption 
Utilization, water supply and demand listed as an indepen-
dent chapter in the report.

Domestic and foreign scholars and experts made plenti-
ful studies in the methodology of water consumption fore-
cast. Shvars and Feldman [1] established pattern recognition 
model to have short-term water consumption forecast. 
Applied in the domestic and industrial water consump-
tion forecast in cities like Madrid, this model has proved to 
be effective. Australian scholars such as Zhou et al. [2] con-
structed the time series prediction model, applying it to day 
water consumption prediction in Melbourne which worked 
and the result is very good. Using annual precipitation, resi-
dents’ average income, population density and water price as 
correlation factors, Mays [3] and other scholars built mid- and 
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long-term logarithm and semi-logarithm regression model 
on water consumption and its correlation factors and applied 
it to the mid- and long-term water consumption prediction in 
Texas. Jain et al. [4] evaluated eight regression models, respec-
tively, forecast short-term water consumption and tested the 
models with the highest monthly water consumption, water 
consumption on the maximum temperature day and water 
consumption on rainy day. Day and Howe [5] analyzed the 
nonweather factors influencing the highest day water con-
sumption and made the forecast. Brekke et al. [6] made water 
consumption forecast through stepwise regression and tested 
its applicability. Scholars in China also realized substantial 
accomplishment in water consumption forecast methodol-
ogy. They proposed a wide range of approaches including 
time series method (TSM), regression analysis, back propa-
gation (BP) neural network, grey model, set pair analysis and 
genetic algorithm. For instance, Li et al. [7] had detailed anal-
ysis on urban water consumption based on autocorrelation 
analysis theory and optimized water consumption forecast 
models. Yang et al. [8] conducted forecasts on a city’s day 
water consumption with exponential smoothing, BP neural 
network and grey prediction models, respectively. By com-
parison, they drew the conclusion that BP neural network 
method has more accuracy. Aiming at the increasing imbal-
ance between water supply and demand, Zhao [9] made 
forecasts on per person water consumption using multilinear 
regression and BP neural network models, respectively.

Generally, water consumption model can be classified into 
two categories. The first one is mathematical models based 
on water consumption and its correlation factors. However, 
since this method is built upon regression analysis which 
uses correlation parameters as independent variables in fore-
casting water consumption, the requirement of large amount 
of information and the difficulty in accurate observation of 
independent variables complicate the forecast and reduce 
its effectiveness [10]. The second category is mathemati-
cal models established on the autocorrelation between past 
and present water consumption without considering other 
parameters such as the weather, that is through TSM. The 
merit of this model is that the change in water resource con-
ditions leads to change in water consumption. But change in 
water consumption is relatively slow therefore whose effects 
are not obvious. Besides even if the change does have some 
effects, these effects can be demonstrated from historical 
data. In this paper, the author chose the second approach 
to conduct water consumption forecast study. Using origi-
nal data of water consumption for China’s past 10 years and 
holding principle of maximum accuracy and minimum error, 
it explored the extent of accuracy and error in trend extrapo-
lation and came up with the best annual water consumption, 
model and providing evidence for the choice of methods in 
regional annual water consumption forecast study.

2. Forecast methods and applicability

2.1. Forecast methods categories

The complication of water system makes it difficult to 
describe the system by a fixed model. Therefore, the major-
ity of water consumption forecast studies are based on the 
analysis of historical data. However, these studies differ in 
their employing various data processing methods, according 

to which we classify them into TSM, morphological analysis 
and system approach [11]. The detailed categories are shown 
in Table 1.

TSM is established on the study of changes in water con-
sumption over the years so as to make judgement on future 
situations. It usually requires complete and abundant data. 
Morphological analysis demands not only time factors but 
also internal connection between water consumption and 
its correlation factors and the rule of change. By choosing a 
number of affecting factors, this method estimates the cor-
relation between them and water consumption. Then, model 
equations of unknown parameters are listed, and real data 
are substituted in to determine each parameter and make 
forecast. In system approach, water consumption is seen 
as complicated system engineering. Through system objec-
tive analysis, system element analysis, system environment 
analysis, system resource analysis and system management 
analysis problems are clearly defined, origin of water con-
sumption issue revealed and at last requirement met and 
solutions proposed for water consumption forecast [16,17].

2.2. Applicability of forecast methods

With the rapid advancement of technology, water con-
sumption forecast methods are also multiplied. The current 
methods of BP neural network, multilinear regression, have 
more flexibility and accuracy compared with the previous 
methods such as index method [18]. Today, there are hun-
dreds of water consumption forecast methods, differing one 
another to some extent:

•	 Categories by predictive period

According to the predictive period, water consump-
tion forecast is divided into long-term forecast and short-
term forecast, each matches different forecast methods. 
Morphological analysis, grey prediction in system analysis 
and system dynamics method are fit into mid- and long-term 
forecast, while autoregressive integrated moving average 
model (ARMA) in TSM and artificial neural network (ANN) 
method, etc., are suitable for short-term forecast.

•	 Categories by scale of forecast

According to the scope of forecast, large-scale forecast 
may use methods having links with macro factors based on 
comprehensive data analysis, such as the tendency analy-
sis in TSM, exponential smoothing, morphological analysis 
and grey prediction in system approach. By contrast, the 
easy obtaining of required base data in small-scale forecast 
leads to applicability of micro-factors-related methods (TSM, 
ARMA, Markov, etc.), conducted on the basis of diverse 
detailed data analysis.

•	 Categories by the degree of completion of data

The lack of effective long-term historical data causes 
certain limitation on the choice of water-demand forecast 
method. In this situation, we can use exponential smoothing 
of TSM, elastic coefficient method in morphological anal-
ysis, analytical approach, comparison method, statistical 
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information analysis and grey prediction of system approach. 
Nevertheless, areas with sufficient historical data can apply 
tendency method in TSM, ARMA and Markov, regression 
and empirical formula in morphological method, ANN 
method, system dynamics method, etc.

3. Forecast method selection

Currently, the aggregate water consumption guidepost 
has been allocated to each region (administrative region) 
in China. The following step is to make annual water 

Table 1
Summary sheet of main mathematical forecast methods

Time series  
method

Deterministic

Moving average 
method

Simple average method 

Simple moving average method 

Weighted moving average method

Exponential 
smoothing

Single-index moving method

Double exponential smoothing

Brown single parameter exponential 
smoothing method
Holt’s double exponential 
smoothing

Cubic exponential smoothing 
method

Brown single parameter exponential 
smoothing method
Winter linear seasonal exponential 
smoothing

Trend 
extrapolation

Polynomial model
Exponential curve model
Logarithm function model
Growth curve model

Seasons change 
method [12]

Seasonal level model
Seasonal mutual tendency model
Seasonal trend model superposition

Grey prediction 
models

Grey correlation analysis
Grey sequence forecast
Grey index prediction
Calamities grey prediction
Grey topological predicting

Random 
probability

Markov models 
[13]

A heavy chain-related prediction
Model prediction

Box-Jenkins 
models [14]

Autoregression (AR) model
Moving average (MA) model

Autoregressive integrated moving average (ARMA) model

The structure  
analysis method

Regression analysis
Unitary linear recursive analysis
Multiple linear regression analysis
Nonlinear regression analysis

Industrial water elastic coefficient forecast method
Index analysis method
Artificial neural network (ANN) method [15]

System analysis  
method

System dynamics method
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consumption plans from 2015 to 2030. Despite that the 
qualified indicators of total water consumption in 2015, 2020 
and 2030 are given, those of node years such as 2016–2019 and 
2021–2029 are not known yet, in need of forecast. The com-
mon practice for water management administrators in each 
region is to have linear interpolation from indicators in 2015, 
2020 and 2030 which is sometimes so unscientific as to make 
errors. Thus, more reasonable forecast with fixed criterion is 
necessary in order to supervise the performance in annual 
water consumption and implement strict water resource man-
agement with efficient audit, management and evaluation.

3.1. Criterion of models selection

Annual water consumption is important parameter in the 
total quantity control and management of water resource. 
It is affected by various aspects, such as the structure of 
water consumption, industrial structure, population scale, 
educational status and so on. The key element in its forecast 
is to choose valid models targeting at water consumption in 
different industries to increase accuracy. With population 
growth, socioeconomic development and the adjustment of 
industrial structure, it is certain that there will be an increase 
in annual water consumption. However, there are many 
factors leading to its growth, some of them are difficult to 
obtain accurately and the mechanism of influence is ambig-
uously fuzzy and uncertain. So a variety of time series fitting 
methods is used to predict the annual water consumption. 
Their main features are the use of mere historical data in the 
forecast objective without taking its correlation factors into 
consideration. It possesses a certain precision as a mid- and 
long-term forecast model.

Studies show that the forecast precision is not only 
related to the chosen model but also to the series of original 
data. At present, the common practice is to choose models 
potential for maximum fitting precision and maximum inter-
polation forecast accuracy. Based on these conclusions, this 
project put forward a method with the highest fitting pre-
cision and lowest error [19]. By this method, we make fore-
cast with reserved data in recent several years (assume it L) 
and other required data in the construction of parameter 
model. We then made comparison between the forecast and 
measured value of their corresponding years to get their cor-
relation coefficient and absolute percent error and draw con-
sequent mean of absolute percent error in the forecast value 
of this model. Similarly, the mean absolute percent error 
(MAPE) in other candidate models for the recent M years is 
obtained. The model with the biggest fitted curve coefficient 
and the smallest MAPE is the designated model.

3.2. Mathematical models

Suppose the number of candidate models is m, y = fj (x), 
in the equation y is water consumption, 100,000,000 m3; x is 
time duration, year; j is model’s serial number, j = 1,2, …, m; 
n is series length of data, that is xi, yi , of which i  is the serial 
number of water consumption, i = 1,2, …,n; the forecast period 
is L years. Curve fitting is conducted to maximize the correla-
tion coefficient R in this series and minimize its MAPE.

In the TSM, power function model, linear function model, 
exponential function model, logarithm function model and 

parabolic function model (second-order polynomial func-
tion) are the most frequently used ones [20]. According to the 
analysis of fundamental features in China’s water consump-
tion change and its historical data, this research adopted 
linear function model, logarithm function model, parabolic 
function model and power function model to test their effec-
tiveness. Corresponding expression is listed below: 

y ax b= + � (1)

y a x b= ( ) +ln � (2)

y ax bx c= + +2 � (3)

y axb= � (4)

3.3. Case study

Based on the official report on water resource of People’s 
Republic of China, this study focuses on the analysis of data 
in real water consumption from 2003 to 2011 and govern-
ment-authorized limit water consumption for 2015, 2020 and 
2030. In 2003, the national aggregate water consumption is 
532 billion m3; the number is 554.8 in 2004, 563.3 in 2005, 579.5 
in 2006, 581.9 in 2007, 591.0 in 2008, 596.5 in 2009, 602.2 in 
2010, 608 in 2011, 635 in 2015, 670 in 2020 and 700 in 2030, 
respectively.

•	 Sampling on water consumption in 2003–2011, 2015, 2020 
and 2030.

The water consumption data in 2003–2011, 2015, 2020 
and 2030 are applied in a certain predictive period under the 
principle of minimum error and maximum correlation coef-
ficient to test the data samples in 2015, 2020 and 2030. After 
conducting linear fitting, logarithm curve fitting, polynomial 
curve fitting and power fitting, an annual water consumption 
fitting curve is obtained, as shown in Figs. 1–4. The correla-
tion coefficient and MAPE are seen in Table 2.

As is seen in Table 2, based on the water consumption 
data in 2003–2011, 2015, 2020 and 2030, the correlation coef-
ficients in conducting curve fitting are relatively big, while 
MAPE small. Moreover, the correlation coefficient is the 
biggest and MAPE the smallest in the polynomial function 
model test, which is 0.9897, and 0.3818, respectively.

•	 Sampling on data in 2003–2011

In this case, real water consumption in 2003–2011 is used 
as samples and water consumption in 2015, 2020 and 2030 
as test samples. Conducting linear fitting, logarithm fitting, 
polynomial fitting, power function curve fitting, an annual 
water consumption fitting curve is acquired, as shown in 
Figs. 5–8. The forecast model’s correlation coefficient and 
MAPE are shown in Table 3.

As is seen in Table 3, conducting test on data samples of 
2003–2011 through curve fitting, the correlation coefficients 
are big while MAPE also big. Among which, the correlation 
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Fig. 1. The annual water consumption is depicted using the linear curve fitting.

Fig. 2. The annual water consumption is depicted using the logarithmic curve fitting.

Fig. 3. The annual water consumption is depicted using the polynomial curve fitting.
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Table 2
Correlation coefficient of each curve fitting and their forecasting MAPE

Model Predictive value Correlation coefficient MAPE

In 2015 In 2020 In 2030

Linear function 6,271.7 6,571.6 7,171.3 0.9492 1.8655
Logarithmic function 6,388.8 6,549.0 6,766.5 0.9239 2.0668
Polynomial function 6,396.9 6,673.6 6,999.1 0.9897 0.3818
Power function 6,378.5 6,548.9 6,787.5 0.9442 1.9133

Fig. 4. The annual water consumption is depicted using the power curve fitting.

�

Fig. 5. The annual water consumption is depicted using the linear curve fitting.
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Fig. 6. The annual water consumption is depicted using the logarithmic curve fitting.

Fig. 7. The annual water consumption is depicted using the polynomial curve fitting.

Fig. 8. The annual water consumption is depicted using the power curve fitting.
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Table 3
Correlation coefficient of each curve fitting and their forecasting MAPE

Model Predictive value Correlation coefficient MAPE

In 2015 In 2020 In 2030

Linear function 6,486.9 6,923.6 7,797.1 0.9383 5.6268
Logarithmic function 6,178.4 6,289.6 6,440.6 0.9904 5.6064
Polynomial function 5,993.0 5,525.3 3,298.0 0.9852 25.3469
Power function 6,193.8 6,315.9 6,485.6 0.9924 5.1804

Fig. 9. The annual water consumption is depicted using the linear curve fitting.

Fig. 10. The annual water consumption is depicted using the logarithmic curve fitting.

coefficient is the biggest and MAPE the smallest in power 
function curve fitting, 0.9924 and 5.1804, respectively.

•	 Sampling on water consumption data of 2015, 2020 
and 2030.

Curve fittings are conducted to test the data of govern-
ment-authorized water consumption for 2015, 2020 and 2030 
and make subsequent water consumption forecast between 
2015 and 2030. Linear fitting, logarithm fitting, polyno-
mial fitting and power function curve fitting are employed. 
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Fig. 12. The annual water consumption is depicted using the power curve fitting.

Fig. 11. The annual water consumption is depicted using the polynomial curve fitting.

Table 4
Correlation coefficient of each curve fitting and their forecasting MAPE

Model Predictive value Correlation coefficient MAPE

In 2015 In 2020 In 2030

Linear function 6,407.2 6,614.3 7,028.6 0.9460 0.8628
Logarithmic function 6,378.3 6,650.8 7,020.9 0.9827 0.4929
Polynomial function 6,350.0 6,700.0 7,000.1 1.0000 0.0005
Power function 6,379.7 6,645.4 7,024.0 0.9789 0.5418

The resulting water consumption fitting curve is shown in 
Figs. 9–12. Correlation coefficient and MAPE are shown in 
Table 4.

As seen in Table 4, the correlation coefficients are rela-
tively big and the MAPE small in the curve fitting test on the 

data samples from 2015, 2020 and 2030 with these four func-
tions, of which, the correlation coefficient is the biggest (1.0) 
and MAPE the smallest (0.0005) with the polynomial model, 
an indication that the annual water consumption data series 
in our country conform to the fundamental characteristics 
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of polynomial function. Therefore, polynomial function is 
recommended to conduct time series curve fitting in China’s 
annual water consumption forecast.

4. Conclusions

•	 Regional water consumption forecast is fundamental 
and prerequisite for the optimization of water resource 
usage and allocation. The choosing of forecast methods 
imposes significant influence on the scientific and precise 
forecast of regional water consumption, therefore hav-
ing impact on the efficient allocation of water resource. 
In this research, the author analysed water consumption 
forecast methods at home and abroad, classified them 
into different categories and expounded on the applica-
ble situations of each method.

•	 Through case study of China’s water consumption in 
2003–2011 and the government-authorized limit water 
consumption for 2015, 2020 and 2030, this research 
employed data in 2003–2011, 2015, 2020 and 2030, data 
in 2003–2011 and data in 2015, 2020 and 2030 as samples, 
respectively. Under the guidance of maximum preci-
sion and minimum error, it analyzed the annual water 
consumption forecast effectiveness with power function 
model, linear function model, logarithm function model 
and polynomial function model accordingly.

•	 The results show that correlation coefficient is the biggest 
and MAPE the smallest in the curve fitting by polynomial 
function model. Thus, the data series in China’s regional 
annual water consumption fits into the core features of 
polynomial function, which is then recommended in con-
ducting time series curve fitting in future study.

•	 The forecast of regional annual water consumption is 
affected by various factors. For instance, water consump-
tion fluctuates with the changes in water exploitation 
conditions and the structure of water resource utilization. 
Henceforth, more researches need to be done to study the 
regional applicability of different forecast models.
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