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Stochastic simulation of groundwater dynamics based on
grey theory and seasonal decomposition model in a
coastal aquifer of South China
Qingchun Yang, Yanli Wang, Jianing Zhang and Jordi Delgado Martín

ABSTRACT
Accurate and reliable prediction of groundwater level is a critical component in coastal water
management. It is important to ﬁnd a suitable model with acceptable accuracy. This paper presents a
comparative study with seasonal decomposition method of time series analysis and GM (1,1)
method, which are applied to test the model accuracy by simulating groundwater levels of two
representative wells located at a coastal aquifer in Fujian Province, South China. The average
monthly groundwater level was monitored during 2006–2011, the data set from 2006–2010 was used
for model establishment, and that of 2011 used for predicting the dynamic change of groundwater
level. The results indicate that the multiplicative model ﬁts better than the additive model for
seasonal decomposition method. Finally, the effectiveness of the model and prediction accuracy was
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evaluated based on root mean square error (RMSE) and regression coefﬁcient (R2). From the obtained
results, it is concluded that the GM (1,1) method can be a promising tool to simulate and forecast
groundwater level and serve as an alternative physically based model.
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| coastal aquifer, grey theory, groundwater level, seasonal decomposition model,
simulation

INTRODUCTION
Groundwater is one of the major sources of supply for dom-

groundwater levels is critical for sustainable management

estic, industrial and agricultural purposes. It serves as a

of water resources (Emamgholizadeh et al. ) and, in par-

dependable supply source, especially in some countries

ticular, is of the utmost importance for both present and

where there is a lack of surface water. However, the

future generations (Mohanty et al. ).

irrational utilization of groundwater not only exacerbates

Groundwater level, as a dynamic response of external

the contradiction between supply and demand, but also

stresses (precipitation, extraction, evaporation, climate

causes many ecological, environmental and geological

and so on), can be considered as an output of the ground-

problems. These problems, caused by overexploitation of

water system, and characterized by trend, periodicity,

groundwater and falling water tables, have brought an extre-

dependability and randomness. The traditional determinis-

mely disadvantageous inﬂuence to bear on human life and

tic methods usually are not capable of solving such

social economic development, such as desertiﬁcation, land

problems; subsequently, stochastic time series theory has

salinization, ground subsidence, salt-water intrusion, land

been explored to solve hydrological problems (Bras &

crack, mining area geological disasters and so on (Dong

Rodriguez-Iturbe ; Lin & Lee ; Brockwell &

). Therefore, in order to effectively manage ground-

Davis ; Doglioni et al. ). There has been reported

water, it is important to model and predict ﬂuctuations in

various stochastic mathematical models in groundwater

groundwater levels. Predicting the potential change in

dynamic forecasting, for instance, time series analysis,
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fuzzy mathematics method, radial basis function network

and among them, the GM (1,1) method is relatively

model, artiﬁcial neural network, regression analysis, grey

simple, but can provide a high precision of prediction.

Markov chain model, grey system method and so on

It is known that there is no an universal model that can

(Salas ; Yeh et al. ; Sudheer & Jain ;Yeh &

be applied to any given case in making a simulation of

Chen ; Nayak et al. ; Sreenivasulu & Deka

groundwater dynamics. Any mathematical model has its

; Zhu & Hao ; Shirmohammadi et al. ; He

advantages and disadvantages, with different simulation

et al. ; Emamgholizadeh et al. ). A time series

accuracy for a certain observed time series, so it is essential

model is an empirical model for stochastically simulating

to discover the suitability of a model in a given case. Also,

and forecasting the behaviour of uncertain hydrologic sys-

there has been no reporting on the comparative study of

tems (Kim et al. ; Adhikary et al. ; Li et al. ).

decomposition models with the grey method. In order to

Various stochastic time series models, such as the

obtain the suitability of different simulation methods for a

Markov, Box–Jenkins (BJ) seasonal auto-regressive inte-

given case, in this paper the GM (1,1) method and seasonal

grated moving average (ARIMA), depersonalized auto-

decomposition method, multiplicative and additive methods,

regressive moving average (ARMA), periodic auto-regres-

have been applied to simulate groundwater water tables in a

sive (PAR), transfer function noise (TFN) and periodic

coastal aquifer at Fujian Province, South China, and the simu-

transfer function noise (PTFN), have been applied for

lated results are compared by evaluating root mean square

these purposes (Mirzavand & Ghazavi ). Time series

error (RMSE) and regression coefﬁcient (R 2).

modelling is a useful tool for detecting trends, developing
hydrologic or climatic models, forecasting of hydrologic
time series and prediction of future climate scenarios
(Coulibaly et al. ). The application of time series

METHODOLOGY

analysis in forecasting groundwater level assumes groundwater system as black or grey box, extracting inherent

Seasonal decomposition method

information by analysing long-term observation series,
without the necessity of obtaining other hydrologic par-

Time series analysis has been widely used in groundwater

ameters,

of

resource evaluation, forecast and management due to its

groundwater dynamic forecasting on a large scale. Most

simplicity. Multiplicative and additive models are two

of the research articles (Li & Zhang ; Zhou et al.

common models of the seasonal decomposition method,

; Yang et al. ; Liang ; Lu et al. ) decom-

used to analyse the groundwater level data. The model

pose the groundwater level time series into trend,

equations can be expressed as follows:

periodicity and random components to study their charac-

Multiplicative model: Y ¼ T × S × I

teristics, then combine the three together as an additive or

Additive model: Y ¼ T þ S þ I

and

thus

provides

the

convenience

multiplicative model to forecast groundwater levels.
Among the numerical techniques, the grey numerical
method has become very popular and is recognized as a
powerful numerical tool. The theory of the grey system

where Y represents the observed groundwater level series, T
stands for smoothed trend-cycle (abbreviated as stc), affected
by long-term trend factors, S indicates season factors com-

was established during the 1980s as a method for

ponent (abbreviated as saf). I is irregular component

making quantitative predictions. As far as information is

(abbreviated as err). The irregular change is a contingency,

concerned, the systems which lack information, such as

randomness, burst factor. Speciﬁc steps are as follows:

structure message, operation mechanism and behaviour

1. Enter the groundwater level data of an observed time

document, are referred to as grey systems, where ‘grey’

series and deﬁne the time variable.

means poor, incomplete, uncertain, etc. It has received

2. Draw scatter plot based on the above data, observe the

increasing application in the ﬁeld of hydrology (Xu

sequence diagram and determine whether it is a station-

et al. ). There are several models for grey theory,

ary sequence.
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3. Analyse and process the data. Click the analyse menu

known with uncertainty (Deng , ). The dynamic of

bar, select the prediction, and then select the seasonal

groundwater level is regarded as a typical grey system pro-

decomposition of the prediction menu bar, select the

blem, where the grey GM (1,1) model can better reﬂect

multiplicative model or additive model.

the changing features of groundwater level (Yang et al.

4. Explain and illustrate the output results. The results

). It especially has the unique function of analysing

obtained four new additional variables, which are the

and modelling for short time series, less statistical data

irregular component (err_1), the sequence after adjust-

and incomplete information of the system, and has been

ment of the seasonal (SAS_1), seasonal factor (saf_1),

widely applied. GM (1,1) represents an order, a variable,

and trend cycle component without seasonal and irregu-

and is a special case of the N variables of differential

lar change (stc_1).

equation GM (1, N). The essence of GM (1,1) is to accumu-

5. Draw scatter plot of the four variables mentioned above.

late the original data in order to obtain regular data. By

According to the chart stc of long-term trends, we can

setting up the differential equation model, we obtain the

build a linear regression model with polynomial to

ﬁtted curve in order to predict the system. The modelling

obtain the relationship between stc and t. Make use of

process is as follows: First, observed data are converted

this expression to predict the forecasting value of future

into new data series by a preliminary transformation

trend cycle components stc.

called AGO (accumulated generating operation). Then, a

6. According to the 12 values of seasonal factor saf of the

GM model based on the generated sequence is established.

multiplicative model, we can get the forecasting value

Subsequently, the prediction values are obtained by return-

of groundwater level via:

ing the AGO’s level to the original level using IAGO
(inverse accumulated generating operation) (Xu et al. ).



Z ¼ stc saf

(1)

The speciﬁc steps of the GM (1,1) model can be summarized as follows:

However, the additive model is affected by stc and err, and
1. Suppose the observed original data as

the predicted groundwater level can be obtained with:
Z ¼ stc þ err

(2)

where Z is predictive value of groundwater level, stc is the
projections of trend cycle component, saf represents seasonal factors and err denotes the irregular component.
Then the accuracy for stc prediction can be examined by

n
o
x(0) (t) ¼ x(0) (1), x(0) (2),    , x(0) (n)

(3)

2. Accumulate the observed data above once to generate a
new sequence, that is
n
o
x(1) (t) ¼ x(1) (1), x(1) (2),    , x(1) (n)

(4)

2

regression coefﬁcient (R ) due to the value in the forecasting
process that will produce a certain deviation. Therefore,
during the ﬁtting process where the R 2 value is bigger, the
ﬁtting is better. R 2 value closer to 1 indicates a perfect ﬁtting
between the observed and simulated values.

GM (1,1) method
Grey system theory is a multidisciplinary theory dealing
with those systems’ lack of information, which uses a
black-grey-white colour spectrum to describe a complex
system whose characteristics are only partially known or
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where, x(1) (m) ¼

Pm
i¼1

x(0) (i), m ¼ 1, 2,    , n;

3. According to the newly generated sequence, the differential equation is established as follows:
dx(1) (t)
þ ax(1) (t) ¼ u
dt

t ¼ [0, ∞]

(5)

4. Suppose A ¼ (a, u)T , a and u can be obtained by least
squares estimation
A ¼ (a, u)T ¼ (BT B)1 BT YN

(6)
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CASE STUDY

in which,

 1 (1)
  (x (1)) þ x(1) (2) 1
 2

 1 (1)
  (x (2)) þ x(1) (3) 1
B ¼  2



 1

  (x(1) (n  1)) þ x(1) (n)
2








 x(0) (2) 




 (0) 
, Yn¼  x (3) 

  




 x(0) (n) 


1

Study area

(7)

Groundwater is mainly affected by atmospheric precipitation. Some of the precipitation forms the surface
runoff, with some inﬁltrating underground to recharge
the downstream aquifer, while some directly recharges
the groundwater. Dongshan County is a coastal island

5. Let x (1) ¼ x (1), and we get the GM (1,1) forecasting
(0)

(1)

model:

located at the most southern part of the ‘golden delta’
of Fujian Province. It has a subtropical marine monsoon
climate, with four mild seasons, almost no winter, and is

h
ui
u
x (t þ 1) ¼ x(0) (1)  eat þ
a
a

located between 117 170 E–117 350 E longitude, 23 330
W

(1)

(8)

W

W

N-23 470 N latitude, consisting of Dongshan island
W

and 44 small islands and covers an area of about
6. To obtain the prediction values by returning an AGO’s
level to the original level using IAGO

248.34 km2 (Figure 1). The annual average temperature
is

W

20.83 C,

with

an

average

rainfall

of

about

1,172.9 mm. The rainfall occurs mainly from May to September, accounting for more than 67% of total annual

8
<x
^0 (1) ¼ x(0) (1)

precipitation. The main geological coverage of the

u
:x
^ (t þ 1)  x
^ (t) ¼ (1  ea )(x(0) (1)  )eat
^ (t þ 1) ¼ x
a
0

1

0

study area is coastal plain, plateau and hills. The alluvial
plain comprising sand, and gravel with clay accounts for
more than 80% of the total area. Owing to the

(9)

topographic features of Dongshan County, the characteristic movement of groundwater is ﬂow from the high

In this paper, before forecasting the groundwater
level, the after-test residue method (Chen et al. )

ground to the low, and ﬁnally into the sea. Groundwater
level data in this study area were obtained by monitoring

should be used to test the accuracy of the two methods

the groundwater level every 5 days for a period of 6 years

and to ﬁnd whether these models are suitable for predict-

from January 2006 to December 2011. GM (1,1) method

ing. The two methods mentioned above can be used

and seasonal decomposition method are tested with the

to calculate the predicted value when the parameters

data recorded at Dongshan hydrological station.

P and C are within the acceptable range, otherwise
it

is

necessary

to

re-adjust

the

parameters.

The

evaluation criteria for the prediction precision are

Modelling

shown in Table 1.
To analyse and forecast the groundwater table in Dongshan County with the two methods mentioned above,
Table 1

|

taking Kangmei observation well (3506260008) and

Forecast accuracy evaluation criteria

Predicted grade

P

C

Good

>0.95

<0.35

Qualiﬁed

>0.80

<0.50

Just qualiﬁed

>0.70

<0.65

Disqualiﬁcation

0.70

0.65
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Chencheng observation well (3506262024) as examples,
in

which

monthly

average

groundwater

level

was

monitored during 2006–2011, the data set from 2006–
2010 is used for model establishment and that of 2011
is used for predicting the dynamic change of groundwater
level.
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Outlined location map of the study area with sampling points.

Seasonal decomposition method

The observed data are analysed by SPSS software, and four
types of data, the irregular component (err_1), the adjustment

From the scattered plot of groundwater level data set from

sequence (SAS_1), seasonal factor (saf_1) and trend cycle

2006 to 2010 (Figure 2), it can be seen that the water level

(stc_1) were obtained. These are illustrated in Figures 3(a)–3(d).

series is not steady. Therefore, it is suitable for seasonal
decomposition model.

Figure 2

|

The observed groundwater levels.
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GM (1,1) method

the polynomial ﬁt is better; (2) parameters C were calculated for Kangmei and Chencheng, with values of the

Following the modelling steps described above, we take the

multiplicative model (0.514, 0.615) being smaller than

data of the groundwater level of Kangmei observation well

that of the additive model (0.851, 0.871). The smaller C

(3506260008) as an example to perform a test. Taking the

is, the better it ﬁts. Therefore, the ﬁt of the multiplicative

data of January 2006–2010 as initial data, that is:

model is better than that of the additive model. The goodness of ﬁt between the observed values and the calculated
of the groundwater level from 2006 to 2010 is shown in
Figure 4.

Figure 3

|

n
o
x(0) (t) ¼ x(0) (1), x(0) (2),    , x(0) (n)
¼ (5:21167, 5:28833, 5:06333, 4:94833, 5:005)

(a) Seasonal factor (saf_1), (b) irregular component (err_1), (c) adjustment sequence (SAS_1), (d) trend cycle (stc_1). (Continued.)

Downloaded from https://iwaponline.com/aqua/article-pdf/64/8/947/399260/jws0640947.pdf
by guest

953

Figure 3

Q. Yang et al.

|

|

Stochastic simulation of groundwater dynamics

Continued.
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Model ﬁtting results.

1. By the formula (e), (f) and (g), we obtained a ¼ 0.019, u ¼

January is

5.374, then the differential equation is:
dx(1) (t)
þ 0:019x(1) (t) ¼ 5:374
dt

^(1) (t þ 1) ¼ 274:3698e0:019t þ 279:5814
x

Therefore, we can get the predicted groundwater level of
January of 2011, 4.8368 m, and the groundwater level for
each month in 2011 can be obtained with Equation (12).
From the accuracy degree of the GM (1,1) method, the Kang-



(1)

m ¼ 1, 2, 3, . . .

Downloaded from https://iwaponline.com/aqua/article-pdf/64/8/947/399260/jws0640947.pdf
by guest

(12)

(10)

2. Suppose x(0) (1) ¼ x(1) (1) ¼ 5:21167, we can get

5:374 0:019t 5:374
x (t þ 1) ¼ 5:21167 
e
þ
0:019
0:019

Therefore, the groundwater level prediction model of

(11)

mei observation well (0.2939, 0.9999) and Chencheng
observation well (0.3052, 0.9998), we can see the parameters
c and p both achieve a ‘good’ degree, conforming to the values
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The predicted groundwater level for 2011.

of accuracy test parameters of the forecast models. It can be

Table 2

seen in Figure 4 that a higher ﬁtting accuracy is achieved.

RESULTS AND DISCUSSION
Owing to the better ﬁt of the multiplicative model for sea-

|

Model prediction accuracy results

Kangmei observation well

Chencheng observation well

Well

GM

Seasonal

GM

Seasonal

Model

(1,1)

decomposition

(1,1)

decomposition

RMSE

0.2536

0.3053

0.1961

0.2936

R2

0.9970

0.9957

0.9971

0.9935

sonal decomposition method, we select the multiplicative
model and GM (1,1) to make a comparison for data of
2011. Figure 5 and Table 2 summarize the prediction
results for each method. Two common standard statistical
2

measures, RMSE and regression coefﬁcient (R ), are
employed to evaluate the performances of the forecasting
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PN
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i¼1 (yi  yi )
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N

(13)
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and domestic water. It is very important to monitor ground(14)

water levels and follow up its dynamic changes. Hence it is
essential to obtain a proper method to forecast the groundwater dynamics. Owing to the variety and uncertainty of

where N is the total number of value, yt is the observed value
and ^yt is the predicted value.

affecting factors on groundwater levels, stochastic models

R2 measures the degree of correlation among the

However, usually a simple model cannot provide enough

observed and predicted values. R2 values range from 0 to

accuracy while conducting long-term forecasting, therefore

1. The coefﬁcient of determination describes the proportion

it is necessary to compare different methods in simulating

of the total variance in the observed data that can be

and forecasting an observed time series for a given case.

explained by the model. RMSE evaluates the residual

This paper compares the seasonal decomposition method

between observed and forecasting value. The nearer RMSE

of time series analysis and the GM (1,1) method to simulate

value is to 0, the more accurate the forecasting is. The best

and predict groundwater levels in Fujian Province, South

ﬁt between observed and calculated values will be obtained

China. The effectiveness and the ﬁnal prediction accuracy

with R2 as 1 and RMSE as 0. It can be seen in Figure 5 that
the GM (1,1) model has good prediction effect.

have been widely applied to groundwater level simulation.

of the methods are evaluated with root mean square error
(RMSE) and regression coefﬁcient (R2). It is observed that

From the accuracy degree of the forecast models of

the GM (1,1) model has a higher accuracy in this case. In

Table 2, it can be seen that that a higher R2 value and a

the case of relatively small ﬂuctuations in the raw data

lower RMSE of GM (1,1) was obtained for the two selected

series, the prediction accuracy is high using a grey forecasting

wells. Therefore, it is concluded that the GM (1,1) model ﬁts

model. Application of grey theory to prediction of ground-

the hydrogeological conditions better than the seasonal

water level is a novel research area. The model is proposed

decomposition model in this case study. On the other hand,

by virtue of the dynamic characteristics of groundwater

the comparison between the two wells indicates that Chench-

level, which increased the forecast precision. Therefore, the

eng observation well had a lower RMSE and higher R2, which

method is reliable and effective. However, it is recommended

can be explained by its small ﬂuctuations of groundwater table

that many methods should be employed to test the reliability

depth (Figure 2). The method is simple, so the model can be

and objectivity of the selected model when considering the

practical. However, if the original data sequence has large ﬂuc-

uncertainties that affect groundwater level dynamics.

tuations, the model should be optimized using three point
smoothing of the residual model of predicted value and the
actual value to obtain a better prediction. In the GM (1,1) prediction model, parameters a and b are ﬁxed once determined,
and regardless of the numbers of values, parameters will not
change with time. The feature limiting GM (1,1) is that it is
only suitable for short-term forecasts because many factors
will enter into the system with the development of the
system with time. The accuracy of the prediction model will
become increasingly weak with the time away from the
origin, and thus the predictable signiﬁcance will diminish.

ACKNOWLEDGEMENTS
This research was ﬁnancially supported by National Natural
Science Foundation of China (grant number 41402202),
Specialized Research Fund for the Doctoral Program of Higher
Education (20130061120084). Special gratitude is offered to
Rita Henderson for her continuous efforts in dealing with and
evaluating the work, and the valuable comments from the
other two anonymous reviewers are also greatly acknowledged.

CONCLUSION

REFERENCES

Groundwater is an important part of water resources, and is

Adhikary, S. K., Rahman Md, M. & Gupta, A. D.  A stochastic
modeling technique for predicting groundwater table

also the main source of agricultural irrigation, industrial

Downloaded from https://iwaponline.com/aqua/article-pdf/64/8/947/399260/jws0640947.pdf
by guest

957

Q. Yang et al.

|

Stochastic simulation of groundwater dynamics

ﬂuctuations with time series analysis. Int. J. Appl. Sci. Eng.
Res. 1 (2), 238–249.
Bras, R. L. & Rodriguez-Iturbe, I.  Random Functions and
Hydrology. Addison-Wesley, Reading, MA, USA.
Brockwell, P. J. & Davis, R. A.  Introduction to Time Series
and Forecasting. Springer, New York, USA.
Chen, N., Su, W. & Wu, L.  Groundwater level dynamic of
research of stochastic models. Shanxi Hydrotechnics 24 (1),
12–17.
Coulibaly, P., Anctil, F., Aravena, R. & Bobee, B.  Artiﬁcial
neural network modeling of water table depth ﬂuctuations.
Water Resour. Res. 37 (4), 885–896.
Deng, J.  Control problems of grey system. Syst. Control Lett. 1
(5), 288–294.
Deng, J.  Introduction to grey system. J Grey Syst-UK 1 (1), 1–24.
Doglioni, A., Mancarella, D., Simeone, V. & Giustolisi, O. 
Inferring groundwater system dynamics from hydrological
time-series data. Hydrolog. Sci. J. 55 (4), 593–608.
Dong, Y.  Study and application in the chaotic time series
method in the groundwater level prediction. Master’s degree
thesis, Chang’an University, China.
Emamgholizadeh, S., Moslemi, K. & Karami, G.  Prediction
the groundwater level of bastam plain (Iran) by artiﬁcial
neural network (ANN) and adaptive neuro-fuzzy inference
system (ANFIS). Water Resour. Manage. 28, 5433–5446.
He, Z., Zhang, Y., Guo, Q. & Zhao, X.  Comparative study of
artiﬁcial neural networks and wavelet artiﬁcial neural networks
for groundwater depth data forecasting with various curve
fractal dimensions. Water Resour. Manage. 28, 5297–5317.
Kim, S. J., Hyun, Y. & Lee, K. K.  Time series modeling for
evaluation of groundwater discharge rates into an urban
subway system. Geosci. J. 9 (1), 15–22.
Li, Z. & Zhang, Y.  Quantifying fractal dynamics of
groundwater systems with detrended ﬂuctuation analysis.
J. Hydrol. 336, 139–146.
Li, F., Qiao, J., Zhao, Y. & Zhang, W.  Risk assessment of
groundwater and its application. Part II: using a groundwater
risk maps to determine control levels of the groundwater.
Water Resour. Manage. 28 (13), 4875–4893.
Liang, Y.  Analyzing and forecasting the reliability for
repairable systems using the time series decomposition
method. Int. J. Qual. Reliab. Manage. 28 (3), 317–327.
Lin, G. F. & Lee, F. C.  An aggregation–disaggregation
approach for hydrologic time series modelling. J. Hydrol. 138
(3–4), 543–557.
Lu, W., Zhao, Y., Chu, H. & Yang, L.  The analysis of
groundwater levels inﬂuenced by dual factors in western Jilin
Province by using time series analysis method. Appl. Water
Sci. 4, 251–260.

Journal of Water Supply: Research and Technology—AQUA

64.8

|

2015

Mirzavand, M. & Ghazavi, R.  A stochastic modelling
technique for groundwater level forecasting in an arid
environment using time series methods. Water Resour.
Manage. 29, 1315–1328.
Mohanty, S., Jha, M. K., Kumar, A. & Sudheer, K. P.  Artiﬁcial
neural network modeling for groundwater level forecasting in
a river island of eastern India. Water Resour. Manage. 24,
1845–1865.
Nayak, P. C., Satyajirao, Y. R. & Sudheer, K. P.  Groundwater
level forecasting in a shallow aquifer using artiﬁcial network
approach. Water Resour. Manage. 20, 77–90.
Salas, J. D.  Analysis and modeling of hydrologic time series.
In: Handbook of Hydrology (D. R. Maidment, ed.). McGrawHill, New York, USA, pp. 19.1–19.72.
Shirmohammadi, B., Vafakhah, M., Moosavi, V. &
Moghaddamnia, A.  Application of several data-driven
techniques for predicting groundwater level. Water Resour.
Manage. 27, 419–432.
Sreekkanth, P. D., Greethanjali, N., Sreedevi, P. D. & Ahmed, S.
 Forecasting groundwater level using artiﬁcial neural
networks. Research Articles 96 (7), 933–939.
Sreenivasulu, D. & Deka, P. C.  Groundwater level forecasting
using radial basis function with limited data. Int. J. Earth Sci.
Eng. 4 (6), 1064–1067.
Sudheer, K. P. & Jain, S. K.  Radial basis function neural network
for modeling rating curves. J. Hydrol. Eng. 8 (3), 161–164.
Xu, J., Chen, Y. & Li, W.  Using GM (1,1) models to predict
groundwater level in the lower reaches of Tarim River:
A demonstration at Yingsu section. Fifth International
Conference on Fuzzy Systems and Knowledge Discovery. 18–
20 October, Jinan, Shandong, China, pp. 668–672.
Yang, T., Wei, X., Hu, G. & Xu, Y.  Application of GM(1,1)
and BP neural network coupled model in groundwater
dynamic prediction of Minqin basin. Agric. Res. Arid Areas
29 (2), 204–208.
Yang, Z., Lu, W., Long, Y. & Li, P.  Application and
comparison of two prediction models for groundwater levels:
A case study in Western Jilin Province, China. J. Arid
Environ. 73, 487–492.
Yeh, Y. L. & Chen, T. C.  Grey degree and grey prediction of
groundwater head. Stoch. Environ. Risk Ass. 18, 351–363.
Yeh, Y. L., Su, M. D. & Tsou, I.  Forecasting of groundwater
level using grey modeling. J. Taiwan Water Conserv. 43, 66–73.
Zhou, X., Lan, S. & Wang, B.  Application of time series
analysis in groundwater level forecast of Siping region. Water
Sci. Eng. Technol. 25 (8), 35–37.
Zhu, C. & Hao, W.  Groundwater analysis and numerical
simulation based on grey theory. Res. J. Appl. Sci. Eng.
Technol. 6 (12), 2251–2256.

First received 5 April 2015; accepted in revised form 8 June 2015. Available online 14 July 2015

Downloaded from https://iwaponline.com/aqua/article-pdf/64/8/947/399260/jws0640947.pdf
by guest

|

