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Wavelet and neuro-fuzzy conjunction model for predicting
water table depth ﬂuctuations
Ozgur Kisi and Jalal Shiri

ABSTRACT
The ability of a wavelet and neuro-fuzzy conjunction technique for groundwater depth
forecasting was investigated in this study. The wavelet-neuro-fuzzy model was improved by
combining two methods, the discrete wavelet transform and the neuro-fuzzy model. The conjunction
model was applied to different input combinations of daily groundwater depth data of Bondville and
Perry wells. Root mean square error (RMSE) and correlation coefﬁcient (R) statistics were used for
evaluating the accuracy of wavelet-neuro-fuzzy models. The accuracy of the conjunction models was
compared with those of the single neuro-fuzzy models in one-, two- and three-day-ahead
groundwater depth forecasting. Comparison of the results revealed that the wavelet-neuro-fuzzy
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models perform better than the neuro-fuzzy models especially for the two- and three-day-ahead
forecasting cases.
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INTRODUCTION
Groundwater is a signiﬁcant source of drinking, domestic,

adequate when the dynamical behavior of the hydrological

industrial and irrigation water in the world, especially in

system changes with time (Bierkens ). Moreover, the

arid and semi-arid areas where the precipitation is limited

relationships between the precipitation, surface water and

and fresh water is scarce. The knowledge of groundwater

groundwater are generally nonlinear. However, solving non-

table ﬂuctuations is of importance in agricultural lands,

linear equations is quite difﬁcult and only few non-linear

because it may be a limiting factor for some sensitive

models such as stochastic differential equations and

crops. To provide spatial and temporal information on

threshold autoregressive self-exciting models have been pro-

aquifers and aquiferous systems and taking appropriate

posed for shallow water table modeling (Bierkens ;

measures, studies related to groundwater levels are

Knotters & De Gooijer ).

needed. Evaluation and prediction of groundwater levels

In this context, the use of artiﬁcial intelligence has

through speciﬁc model(s) is required for forecasting and

received more attention in water resources engineering

management of groundwater resources (Yang et al. ).

(Mukhopadhyay ; ASCE a, b; Maier & Dany ;

There are some empirical time series models such as

Minns & Hall ; Coulibaly et al. ; Beaudeau et al.

described by Box & Jenkins () and Hipel & McLeod

; Tayfur ; Cancelliere et al. ; Kumar et al. ;

() to generate a longer time series of water table

Supharatid ; Coppola et al. a, b; Kisi a, b,

depths. Such empirical linear models have been widely

; Szidarovszky et al. ; Coppola et al. ; Feng

used for water table depth modeling (Tankersley et al.

et al. ).

; Van Geer & Zuur ; Knotters & Van Walsum

Recently, under artiﬁcial intelligence, effective data driv-

). However, these models have their own limitations,

ing neuro-fuzzy models have attracted more attention due to

because they are data demanding models and they are not

their advantages. The adaptive neuro-fuzzy inference system
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(ANFIS) was ﬁrst introduced by Jang (), Jang & Sun

signal (El Niño-Southern Oscillation, Southern Oscillation

(), Jin et al. (), and later widely applied in engineering

Index, North Atlantic Oscillation, South Atlantic Oscil-

problems. Palit & Popovic (, , ) applied neuro-

lation) ﬂuctuations and of their mutual time-varying

fuzzy network for time-series forecasts. Deka & Chandramouli

relationships. They concluded that wavelets should be

() derived a river stage-discharge relationship using the

used more systematically in preference to the classical Fou-

fuzzy neural network model. Kisi () estimated suspended

rier analysis, notably in hydrology. Partal & Küçük ()

sediment using neuro-fuzzy and neural network approaches.

used a DWT for determining the possible trends in annual

Kisi (c) proposed a neuro-fuzzy computing technique

total precipitation series. They used the precipitation

for daily pan evaporation modeling. Kisi & Ozturk ()

records from meteorological stations in Turkey and con-

used an adaptive neuro-fuzzy computing technique for

cluded that the trend analysis on DWT components of the

evapotranspiration estimation. Aytek () modeled evapo-

precipitation time series clearly explained the trend struc-

transpiration with a co-active neuro-fuzzy inference system.

ture of data. All these studies showed that wavelet

Moghaddamnia et al. () applied neural networks and

transform is an effective tool for precisely locating irregu-

ANFIS techniques for evaporation estimation in a hot and

larly distributed multiscale features of climate elements in

dry climate in Iran.

space and time. Partal & Kisi () proposed a new con-

In the last decade, wavelet transform has become a

junction model (wavelet-neuro-fuzzy) for precipitation

useful technique for analyzing variations, periodicities and

forecast. They divided observed daily precipitations into

trends in a time series (Smith et al. ; Lu ; Xingang

some sub-series by using DWT and then used appropriate

Labat ;

sub-series as inputs to the neuro-fuzzy models for forecasting

Labat et al. ; Partal & Küçük ; Partal & Kisi

daily precipitations. The wave-neuro-fuzzy model provided a

et

al.

;

Coulibaly

& Burn

;

; Zhou et al. ; Wang et al. ; Milne et al. ;

good ﬁt with the observed data. Zhou et al. () proposed

Shiri & Kisi ). Smith et al. () used a discrete wavelet

a wavelet predictor–corrector model for the simulation and

transform (DWT) for quantifying streamﬂow variability.

prediction of the monthly discharge time series. First, they

They suggested that streamﬂows could be effectively classi-

divided the monthly discharge time series into a certain

ﬁed into distinct hydroclimatic categories using DWT. Lu

number of detail signals and an approximated signal

() applied wavelet transform for the decomposition of

through wavelet transform. Then, they used ARMA model

interdecadal and interannual components of rainfall data

to predict each wavelet transform sub-series. After the

in the rainy season. Xingang et al. () investigated the

stationary simulation prediction model of each series is

rainfall spectrum and its evolution of North China in the

obtained, the prediction results were superposed. Finally,

rainy season with the summer monsoon decaying in interde-

they used an error autoregressive corrector model to correct

cadal time scale using wavelet analysis. Coulibaly & Burn

the superposed prediction results. Wang et al. () used a

() used wavelet analysis to identify and describe varia-

wavelet network model for predicting the inﬂows of

bility in annual Canadian streamﬂows and to gain insights

the Three Gorges Dam on the Yangtze River and compared

into the dynamical link between the streamﬂows and the

it with a threshold auto-regressive model (TAR). The results

dominant modes of climate variability in the Northern

showed that the accuracy of the wavelet network model was

Hemisphere. Labat () reviewed the most recent wavelet

generally better than the TAR model. Milne et al. ()

applications in the ﬁeld of earth sciences and illustrated new

investigated the temporal variation of river water solutes

wavelet

multiresolution-

by using a wavelet packet transform. Shiri & Kisi ()

continuous wavelet analysis method, wavelet entropy) in

used wavelet and neuro-fuzzy conjunction models for

the ﬁeld of hydrology. Labat et al. () demonstrated

forecasting short- and long-term streamﬂows.

analysis

methods

(combined

that the application of new wavelet indicators (combined

To the best knowledge of the authors the application of

continuous and multiresolution analysis, wavelet entropy,

ANFIS and coupling wavelets with neuro-fuzzy is presented

wavelet coherence, wavelet cross-correlation) leads to sev-

for the ﬁrst time in this study for predicting groundwater

eral improvements in the analysis of global hydrological

depth ﬂuctuations.
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by Wψ f ða; bÞ or Wψ f ð j; kÞ. When the frequency resolution of

METHODS

wavelet transform is low, but the time domain resolution is
high a or j becomes small. When the frequency resolution of

Discrete wavelet transform

wavelet transform is high, but the time domain resolution is
The wavelet function ψðtÞ called the mother wavelet, can be
R þ∞
deﬁned as ∞ ψðtÞ dt ¼ 0. Then ψ a;b ðtÞ can be obtained
through compressing and expanding ψðtÞ:
ψ a;b ðtÞ ¼ jaj1=2 ψ




tb
a

low a or j becomes large (Wang & Ding ).
For a discrete time series f (t), where it occurs at different
time t (i.e. here integer time steps are used), the DWT can be
deﬁned as

b ε R; a ε R; a ≠ 0

ð1Þ
Wψ f( j; k) ¼ 2j=2

If ψ a;b ðtÞ satisﬁes Equation (1), for the time series f(t)є
L 2(R) or ﬁnite energy signal, successive wavelet transform
of f(t) is deﬁned as
Wψ f(a; b) ¼ jaj

1=2

Z

 j t  k)
f(t) ψ(2

ð5Þ

t¼0

where ψ a;b ðtÞ ¼ the successive wavelet, a ¼ scale or frequency
factor, b ¼ a time factor; R ¼ the domain of real numbers.

N1
X

where Wψ f ð j; kÞ is the wavelet coefﬁcient for the discrete
wavelet of scale a ¼ 2j, b ¼ 2jk.
DWT operates two sets of functions viewed as high-pass
and low-pass ﬁlters (see Figure 2). The original time series




tb

dt
f(t) ψ
a

ð2Þ

R

are passed through high-pass and low-pass ﬁlters and separated
at different scales (Kisi ). The time series is decomposed
into one comprising its trend (the approximation) and one

 ¼ complex conjugate functions of ψðtÞ. It can be
where ψðtÞ
seen from Equation (2) that the wavelet transform is the
decomposition of f (t) under a different resolution level

comprising high frequencies and fast events (the detail). In
the present study, the detail coefﬁcients and approximation
sub-time series are obtained by using Equation (5).

(scale). In other words, to ﬁlter the wave for f (t) with a
different ﬁlter is the essence of the wavelet transform.
The successive wavelet is often discrete in real applij

Adaptive neuro-fuzzy inference system

j

cations. Let a ¼ a0 , b ¼ kb0 a0 , a0 > 1, b0 є R, and k, j are
integer numbers. Discrete wavelet transform of f(t) can be
written as

An ANFIS is a combination of an adaptive neural network
(ANN) and a fuzzy inference system. The parameters of
the fuzzy inference system are determined by the neural net-

j=2

Z

j

 0 t  kb0 )dt:
f(t) ψ(a

Wψ f( j; k) ¼ a0

ð3Þ

R

work learning algorithms. Since this system is based on the
fuzzy inference system, reﬂecting amazing knowledge, an
important aspect is that the system should be always inter-

The most common (and simplest) choice for the parameters

pretable in terms of fuzzy IF-THEN rules. ANFIS is

a0 and b0 is 2 and 1 time steps, respectively. This power of two

capable of approximating any real continuous function on

logarithmic scaling of the time and scale is known as dyadic

a compact set of parameters to any degree of accuracy

grid arrangement and is the simplest and most efﬁcient case

(Jang et al. ). ANFIS identiﬁes a set of parameters

for practical purposes (Mallat ). Equation (3) becomes

through a hybrid learning rule combining back propagation

binary wavelet transform when a0 ¼ 2, b0 ¼ 1:

gradient descent error digestion and a least squared error

Wψ f( j; k) ¼ 2j=2

Z

method. There are mainly two approaches for fuzzy infer j t  k)dt:
f(t) ψ(2

ð4Þ

R

ence

systems,

namely

the

approaches

of

Mamdani

(Mamdani & Assilian ) and Sugeno (Takagi & Sugeno
). The differences between the two approaches arise

The characteristics of the original time series in frequency

from the fact that Mamdani’s approach uses fuzzy member-

(a or j) and time domain (b or k) at the same time are reﬂected

ship functions, while linear or constant functions are used in
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Sugeno’s approach. In this study the Sugeno method was

where pi, qi and ri are parameters with i ¼ 1, 2, 3, …, n corre-

applied for modeling the groundwater depth ﬂuctuations.

sponding to Rule 1, Rule 2, Rule 3, …, Rule n. The resulting
type 3 Sugeno fuzzy reasoning model is shown in Figure 1.
In a type 3 Sugeno fuzzy model, the output of each rule is a

ANFIS architecture

linear combination of input variables plus a constant term

As a simple example a fuzzy inference system with two inputs
x and y and one output z is assumed. Here, x and y might
be considered as water table depths, ht1 and ht2, in the
(t  1)th and (t  2)th time steps respectively, while the
output z would represent the water table depth at time t (ht).

and the ﬁnal output z is the weighted average of each rule
output. The corresponding equivalent ANFIS architecture is
represented in Figure 2. The node function in the same layer
of the same function family, is described as follows (Jang ).
Layer 1

Suppose that the rule base contains two fuzzy IF–THEN rules:
Every node i in this layer is an adaptive node with node
Rule 1 : IF x is A1 and y is B1 ; THEN f1 ¼ p1 x þ q1 y þ r1

ð6Þ

function

Rule 2 : IF x is A2 and y is B2 ; THEN f2 ¼ p2 x þ q2 y þ r2

ð7Þ

Oli ¼ μAi ðht1 Þ

ð8Þ

The IF (antecedent) part is fuzzy in nature, while the THEN

where ht1 is the input to the i-th node and Ai is a linguistic

(consequent) part is a crisp function of an antecedent variable

label (such as HIGH or LOW) associated with this node

(as a rule, a linear equation). For the study presented here for

function. A similar equation as Equation (3) may be con-

groundwater table, for the above example Equations (1) and

sidered for the input ht2.

(2) can be written as:

The node function O li is the membership function of Ai
and speciﬁes the degree to which the given input ht1 (or

Rule 1 : IF ht1 is LOW and ht2 is LOW;
THEN ht ¼ p1 ht1 þ q1 ht2 þ r1
Rule 2 : IF ht1 is HIGH and ht2 is MEDIUM;
THEN ht ¼ p2 ht1 þ q2 ht2 þ r2

Figure 1

|

Two input type-3 Sugeno fuzzy model with two rules.
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Equivalent ANFIS architecture.

where {ai, bi, ci} is the parameter set and μ is the membership

Layer 4

function of Ai. As the values of these parameters change, the
bell-shaped function varies accordingly, thus exhibiting var-

All of the nodes in this layer are adaptive with a node

ious forms of membership functions depending on the

function

linguistic label Ai. In fact, any continuous and piecewise differentiable functions, such as commonly used triangular of

 i fi ¼ w
 i ( pi ht1 þ qi ht2 þ ri )
O4i ¼ w

ð12Þ

trapezoidal membership functions, are also qualiﬁed candidates for node function in this layer. Parameters in this

 i is the output of layer 3, and {pi, qi, ri} is the parwhere w

layer are referred to as premise parameters.

ameter set. Parameters in this layer are called consequence
parameters.

Layer 2
Layer 5
This layer consists of circle nodes labeled TT which
single

circle

node

of

this

layer,

labeled

Σ,

multiply incoming signals and sending the product out.

The

For instance

computes the overall outputs as the summation of all incoming signals:

O2i ¼ wi ¼ μAi (ht1 )μ Bi (ht2 );

i ¼ 1; 2:

ð10Þ

Each node output represents the ﬁring strength of a rule.
Layer 3

P
i wi  f i
O5i ¼ P
i wi

ð13Þ

Thus an adaptive network which is functionally equivalent to a type 3 fuzzy inference system, has been constructed.

In this layer, the circle nodes labeled N, calculate the ratio

More information about ANFIS theory can be found in, for

of the ith rule ﬁring strength to the sum of all rule ﬁring

example, Jang () and Jang et al. ().
In the implementation of fuzzy logic, several types of

strengths

membership functions can be used. However, recent studies
i
O3i ¼ w

wi
;
w1 þ w2

for i ¼ 1; 2:

ð11Þ

have shown that the type of membership function does not
affect the results fundamentally (Vernieuwe et al. ). In
the present study, the triangular membership functions

The outputs of this layer are referred to as normalized
ﬁring strengths.
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In the present work, ﬁrstly the single ANFIS model was

the testing data set extremes are Xmin ¼ 0.06 m and Xmax ¼

studied to forecast groundwater table depth in two wells.

9.81 m. The value of Xmin for the training data is higher

Then, a conjunction model (wavelet-neuro-fuzzy) was

than that for the corresponding testing set for Bondville

applied for the same scope. The groundwater depth data

well. This may cause extrapolation difﬁculties in estimation

considered were decomposed into a wavelet sub-series by

of low depth values.

DWT and the neuro-fuzzy model was constructed with
appropriate wavelet sub-series as input and original water

Goodness of ﬁt of model performance

table depth time series as output. Finally, the performance
of the hybrid wavelet-neuro-fuzzy model was compared

Three statistical evaluation criteria were used to assess the

with the classical neuro-fuzzy model.

model performance: (1) the coefﬁcient of determination
(R2 ); (2) the RMSE deﬁned as

Data used

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u n
u1 X
RMSE ¼ t
(hio  hie )2
n i¼1

The dataset used in this study was obtained from the U.S.

where hio and hie denote the observed and estimated water

Illinois State Water Survey. The time series of daily depth

table depths.

APPLICATION

ð14Þ

to water table records from two wells are used; Bondville
(station no: 421832, FIPS code: 019) and Perry (station
no: 421843, FIPS Code: 149). The water table data of 1 Sep-

RESULTS AND DISCUSSION

tember 2001 to 30 August 2008 were applied for training
and testing ANFIS models. For each well, the ﬁrst ﬁve

The paper aims at representation of one-day-, two-day- and

years’ data were used to train the models and the remaining

three-day-ahead forecasting of groundwater table ﬂuctu-

data were used for testing. The periods from which training

ations by ANFIS and Wavelet-ANFIS conjunction model.

and testing data were chosen span the same temporal sea-

The Wavelet-ANFIS models were obtained by combining

sons (September–August). The daily statistical parameters

the two methods, DWT and ANFIS. The Wavelet-ANFIS

of the water table data are given in Table 1. In the table,

is an ANFIS model which uses sub-time series components

the Xmean, Xmax, Xmin, Sd, Cv and Csx denote the mean, maxi-

obtained using DWT on original data. For the Wavelet-

mum, minimum, standard deviation, coefﬁcient of variation

ANFIS model inputs, the original time series are decom-

and skewness, respectively. The skewness, a characteriz-

posed into a certain number of sub-time series components

ation of the degree of asymmetry of the distribution

(Ds) by Mallat’s DWT algorithm (Mallat ). Each com-

around the mean, is high for Perry well, particularly for

ponent plays different role in the original time series and

the testing data. In the training data, Xmin and Xmax values

the behavior of each sub-time series is distinct (Wang &

fall in the ranges 0.37–9.89 m for Bondville well. However,

Ding ). The Wavelet-ANFIS is constructed in which

Table 1

|

The daily statistical parameters of each well data set

Statistical parameter
Data set

Well

Xmean (m)

Training

Bondville (421832)

5.04

9.89

Perry (421843)

9.02

21.38

0.04

6.01

0.66

0.49

Testing

Bondville (421832)

4.75

9.81

0.06

2.56

0.54

0.34

Perry (421843)

8.63

19.52

0.24

6.30

0.73

0.65
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the Ds of original input time series are input of the ANFIS

The correlation coefﬁcients between each D sub-time

and the original output time series are output of the

series and original daily groundwater depth time series are

ANFIS. It is relevant to note here that there are two sets

given in Table 2 for the Bondville and Perry wells, respect-

of results considered in this section. Set 1 was produced in

ively. In this table, the Dt and GWtþ1 denotes the D

the course of the present study, where the Wavelet-ANFIS

sub-time series at time t and measured groundwater depth

methodology was used. Set 2 was produced by Shiri &

at time t þ 1, respectively. As an example, the 0.016

Kisi () by applying ANFIS to the same training and test-

shows the correlation value between D1 sub-time series at

ing combinations.

time t (D1t) and measured groundwater depth at time t þ

In the study, the current and previous groundwater

1, GWtþ1. Thus, the D1t, D2t … denote the sub-time series

depth time series were decomposed into various Ds at differ-

of the GWt and vice versa. The correlation values given in

ent resolution levels by using DWT to estimate one-day-,

Table 2 provide information for the determination of effec-

two-day- and three-day-ahead groundwater depth values.

tive wavelet components on groundwater depth. It can be

The original groundwater depth input time series of

seen from Table 2 that the D1, D2 and detail components

Bondville and Perry wells and their Ds, that is, the time

show signiﬁcantly low correlations for both wells. The

series of two-day mode (D1), four-day mode (D2), eight-

approximate component has the highest correlations.

day mode (D3) and approximate mode are shown in

According to these correlation analyses between Ds and

Figures 3 and 4. The approximate mode indicates the

original current groundwater depth data (output), the effec-

trend (low frequency) of the original groundwater depth

tive component (approximate component) was selected. For

time series. It is obviously seen that the approximation

the Wavelet-ANFIS model, the new series obtained by using

series are very similar to the original groundwater depth

the approximation component was used as inputs to the

time series.

ANFIS model.

Figure 3

|

Decomposed wavelet sub-time series components (Ds) of groundwater (GW) depth data of Bondville well.
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Decomposed wavelet sub-time series components (Ds) of groundwater (GW) depth data of Perry well.
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corresponds to the water table depth at time t þ 1, t þ 2
and t þ 3. Thus, the following combinations of input data
of water table depth were evaluated:

Correlations
Discrete wavelet

Dt/

Dt1/

Dt2/

Dt3/

Dt4/

components

GWtþ1

GWtþ1

GWtþ1

GWtþ1

GWtþ1

–0.016

–0.011

0.008

0.007

Bondville
D1

Hydrology Research

(i) GWt
(ii) GWt1, GWt

–0.005

D2

0.027

–0.022

–0.040

–0.019

0.006

D3

0.069

0.034

–0.006

–0.041

–0.062

Approximate

0.993

0.990

0.986

0.979

0.971

(iii) GWt2, GWt1, GWt
(iv) GWt3, GWt2, GWt1, GWt
(v) GWt4, GWt3, GWt2, GWt1, GWt .
Shiri & Kisi () applied commonly used ‘forward-

Perry
D1

–0.019

–0.008

0.006

0.003

–0.001

stepwise selection of inputs’ method (under a heuristic

D2

0.029

–0.029

–0.044

–0.022

0.001

approach category) for selecting the appropriate input com-

D3

0.063

0.037

0.006

–0.028

–0.051

binations. Forward selection is the more commonly used

Approximate

0.993

0.991

0.987

0.981

0.966

approach and begins by ﬁnding the best single input and
selecting it for the ﬁnal model (Bowden et al. ). In subsequent steps, different input variables are added into the

Shiri & Kisi () applied several input combinations
using ANFIS to estimate the water table depth for two

input combination to evaluate the degree of the effect of
each variable on output.

wells. The inputs present the previous daily water table

The ﬁnal architectures of the ANFIS models for Bond-

depths (t, t  1, …, t  5) and the output layer node

ville and Perry wells are given in Table 3. In the table,
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ANFIS models and input combination (iv) can be regarded

The ﬁnal architecture of the ANFIS models

as the best model with R (0.994) and RMSE (0.277 m) for

Model
inputs

The number of membership functions

(i)

GWt

3

as the same for one-day-ahead predictions, with relatively

(ii)

GWt1, GWt

3 and 3

lower accuracy. Meanwhile, three-day-ahead predictions

(iii)

GWt2, GWt1, GWt

3, 2 and 3

have the lowest accuracy, though the predictions made for

(iv)

GWt3, GWt2, GWt1, GWt

3, 3, 2 and 4

this time interval are good. It is obviously understood that

(v)

GWt4, GWt3, GWt2, GWt1,
GWt

2, 3, 3, 4 and 3

increasing prediction intervals affected the accuracy of fore-

this well. For two-day-ahead forecasts, the general trend is

casts to some extent: R decreased from 0.994 to 0.982 while
the RMSE values increased from 0.277 to 0.483 m (all for
input combination (iv)). Figure 5 displays the measured

GWi denotes the water table depth at time i. This table indi-

and predicted water table values of Bondville via scatter

cates the number of membership functions of each input

plots (Shiri & Kisi ). The ﬁgure represents the good abil-

variable. For the input combination (iv), the ANFIS model

ity of ANFIS technique for predicting the one-day-, two-day-

has 3, 3, 2 and 4 triangular membership functions for the

and three-day-ahead water table depths.
The predictions for Perry well seem to be in a different

inputs GWt3, GWt2, GWt1 and GWt, respectively.
The statistical performances of each ANFIS model in

trend to those of Bondville. The lower part of Table 4

test period for Bondville well are given in Table 4. Compar-

gives the statistical measures of ANFIS models for Perry

ing the ANFIS estimations with the measured data for the

well. The table shows that introducing only the present

test stage demonstrates a high generalization capacity of

water table depth produces the best result for 1, 2 and 3

the proposed model, for one-day-ahead forecasting, with

day prediction intervals and increasing the input vectors

relatively low error and high correlation, which exhibits a

results in decreasing the model accuracy for all intervals.

good performance of the ANFIS.

Similar to the Bondville, increasing prediction intervals

As seen from the upper part of Table 4, using only one

from 1 day to 3 days leads to detraction of model accuracy

previous water table depth (input combination (i)) gives

to some extent: R decreases from 0.991 to 0.977 and

good results for both stations. Introducing two, three and

RMSE increases from 0.842 to 1.365 m, respectively. A com-

four previous water table depths improves the accuracy of

parison between measured and predicted water table depths

Table 4

|

Statistical measures of ANFIS models in test period (Shiri & Kisi 2011)
þ1 day

þ2 days

þ3 days

R

RMSE (m)

R

RMSE (m)

R

RMSE (m)

(i) GWt

0.993

0.290

0.985

0.436

0.977

0.539

(ii) GWt1, GWt

0.994

0.280

0.986

0.418

0.980

0.507

(iii) GWt2, GWt1, GWt

0.994

0.280

0.986

0.417

0.981

0.498

(iv) GWt3, GWt2, GWt1, GWt

0.994

0.277

0.987

0.405

0.982

0.483

(v) GWt4, GWt3, GWt2, GWt1, GWt

0.994

0.283

0.987

0.406

0.981

0.486

(i) GWt

0.991

0.842

0.984

1.145

0.977

1.365

(ii) GWt1, GWt

0.990

0.885

0.984

1.133

0.967

1.590

(iii) GWt2, GWt1, GWt

0.976

1.418

0.973

1.488

0.966

1.682

(iv) GWt3, GWt2, GWt1, GWt

0.745

5.754

0.745

5.724

0.752

5.565

(v) GWt4, GWt3, GWt2, GWt1, GWt

0.961

1.836

0.898

3.123

0.742

5.752

Input combinations

Bondville

Perry
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Scatter plots of (a) one-day-ahead, (b) two-day-ahead and (c) three-day-ahead predictions of the best ANFIS models in Bondville well (Shiri & Kisi 2011).

is presented in Figure 6 (Shiri & Kisi ). From the scatter

wells, application of current day water table depth as

plots it is clear that the ANFIS accuracy for predicting water

unique model input for predicting following one-, two-

table depth is only good for the case ion which the present

and

water table is introduced as a unique input. However, com-

accuracy among others; however, their results are quite

parison of Figures 5 and 6 demonstrates the high accuracy of

acceptable. Increasing previous water table depths to input

ANFIS to forecast water table depth in Bondville. The

combinations improves the performance of the models as

reason behind this may be the fact that the standard devi-

follows:

three-day-ahead

depth

values,

gives

the

poor

ation and skewness of Perry data are relatively higher than
those of the Bondville (see Sd and Csx values in Table 1).

(1) in the case of predicting the following one day, the

In the second step, the Wavelet-ANFIS conjunction

model whose inputs are the current water table depth,

model was evaluated to forecast groundwater table depth in

as well as one, two, three and four previous water

both Bondville and Perry wells. As mentioned in the previous

table depths, gives the most accurate results in terms

section, the data were divided into training and testing

of R (0.994–0.994) and RMSE (0.282–0.706 m) for the

periods and ﬁve new wavelet-neuro-fuzzy models were evalu-

Bondville and Perry wells, respectively,

ated for forecasting groundwater table depth. Table 5

(2) the performance of the models are monotonously

represents the statistical performance of new hybrid models

changes from R (0.985–0.984) and RMSE (0.436–1.145

in terms of R and RMSE, for both Bondville (upper part of

m) to R (0.993–0.992) and RMSE (0.295–0.821 m) for

the table) and Perry (lower part of the table) wells. In the

the two-day-ahead prediction models,

table DWi denotes the discrete wavelet component at time i.

(3) the statistical measures offer visible changes in case of

The table clearly demonstrates the high capability of hybrid

predicting water table depths for the following three

model to forecast water table depth ﬂuctuations. For both

days in such a way that R increases from 0.977–0.977
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Scatter plots of (a) one-day-ahead, (b) two-day-ahead and (c) three-day-ahead predictions of the best ANFIS models in Perry well (Shiri & Kisi 2011).

Statistical measures of wavelet-neuro-fuzzy models in the test period
þ1 day

þ2 days

þ3 days

R

RMSE (m)

R

R

RMSE (m)

R

(i) DWt

0.992

0.318

0.985

0.436

0.977

0.538

(ii) DWt1, DWt

0.993

0.295

0.987

0.398

0.982

0.482

(iii) DWt2, DWt1, DWt

0.993

0.295

0.992

0.307

0.991

0.334

(iv) DWt3, DWt2, DWt1, DWt

0.993

0.295

0.993

0.295

0.993

0.302

(v) DWt4, DWt3, DWt2, DWt1, DWt

0.994

0.282

0.993

0.295

0.993

0.294

(i) DWt

0.992

0.975

0.984

1.145

0.977

1.365

(ii) DWt1, DWt

0.992

0.895

0.986

1.115

0.985

1.039

(iii) DWt2, DWt1, DWt

0.992

0.787

0.986

1.095

0.988

1.009

(iv) DWt3, DWt2, DWt1, DWt

0.993

0.739

0.990

0.895

0.988

1.004

(v) DWt4, DWt3, DWt2, DWt1, DWt

0.994

0.706

0.992

0.821

0.992

0.795

Input combinations

Bondville

Perry

to 0.993–0.992 and RMSE decreases from 0.538–1.365 m
to 0.294–0.795 m for the Bondville and Perry
respectively.
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Perry wells. On the other hand, comparing the hybrid

in Bondville and Perry wells, respectively. The ﬁgures

model based on the input combination (v) for three predict-

clearly demonstrate the ability of wavelet-neuro-fuzzy

ing time intervals reveals the fact that increasing lead times

model to learn the nonlinear relationship between inputs

has no visible effect on the model accuracies which is not

and outputs. Figures 5–8 indicate that the wavelet-neuro-

the same in single ANFIS models. So, one may concluded

fuzzy model performs better than the single neuro-fuzzy

that conjunction of wavelet and neuro-fuzzy model

model especially for the two- and three-day-ahead forecast-

improves the ANFIS results. For one-day-ahead prediction,

ing of groundwater depth ﬂuctuations. In all the (one-,

the statistical criteria of the neuro-fuzzy and hybrid models

two- and three-day ahead) prediction cases, the ﬁt line

are same to each other, to some extent. In case of two-day-

equations (assume that the equation is y ¼ aox þ a1) in the

ahead forecasts, while the R values corresponding to input

scatterplots indicate that the ao and a1 coefﬁcients for the

combination (v) are 0.987–0.898 for the ANFIS model, with

wavelet-neuro-fuzzy models are respectively closer to the 1

wavelet-neuro-fuzzy model this increased to 0.993–0.992

and 0 than those of the single neuro-fuzzy models for the

for Bondville and Perry and the other criterion changes in

Bondville and Perry wells.

descent manner as can be seen in Tables 4 and 5. Also, R

Overall, the wavelet-neuro-fuzzy models that are

values of this input combination for three-day-ahead fore-

improved combining two methods, DWT and neuro-fuzzy

casts increases from 0.981–0.742 to 0.993–0.992 and

seem to be more adequate than the single neuro-fuzzy

RMSE from 0.486–5.752 m to 0.294–0.795 m when applying

models for forecasting short-term groundwater depths. The

the wavelet-neuro-fuzzy model. Figures 7 and 8 display the

complex hydrological time-series are decomposed into

measured and predicted values of optimal hybrid models

several simple time series using a DWT. Thus, some features

Figure 7

|

Scatter plots of (a) one-day-ahead, (b) two-day-ahead and (c) three-day-ahead predictions of the best Wavelet–ANFIS models in Bondville well.
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Scatter plots of (a) one-day-ahead, (b) two-day-ahead and (c) three-day-ahead predictions of the best Wavelet–ANFIS models in Perry well.

of the sub-series such as its daily period can be seen more

was found that excluding the detail coefﬁcients from the

clearly than the original signal. Setting up a wavelet-neuro-

inputs and using only approximation components signiﬁ-

fuzzy model, the neuro-fuzzy model is constructed with

cantly increase the accuracy of neuro-fuzzy models. The

appropriate sub-series to belong to different scales. Forecasts

wavelet-neuro-fuzzy models were tested by applying them

are more accurate than that obtained directly by original sig-

to the different input combinations of daily groundwater

nals because the features (such as periodically) of the sub-

depth data of two wells, Bondville and Perry, obtained

series are obvious, (Ning & Yunping ). This is why the

from the US Illinois State Water Survey, and the results

wavelet-neuro-fuzzy model performs better than the single

were compared with those of the single neuro-fuzzy

neuro-fuzzy model.

model. Comparison results indicated that the waveletneuro-fuzzy technique performs better than the neurofuzzy technique, especially in two- and three-day-ahead

CONCLUSIONS

groundwater depth forecasting. In the two-day-ahead forecasting case, the wavelet-neuro-fuzzy conjunction model

The accuracy of the wavelet-neuro-fuzzy technique in

reduced the RMSEs with respect to the single neuro-fuzzy

forecasting short-term (one-, two- and three-day-ahead)

model by 27% (and 74%) for the Bondville and Perry

groundwater depth has been investigated in the present

wells, respectively. In the three-day ahead forecasting case,

study. The groundwater depth data were decomposed into

the RMSEs were reduced by 40% (respectively 86%) using

several simple time series using a DWT and the effective

the conjunction model compared with the single neuro-

sub-series were used as input to the neuro-fuzzy model. It

fuzzy model. It can thus be said that the wavelet-neuro-
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fuzzy model provides a superior alternative to the neurofuzzy model for developing input–output simulations and
forecasting short-term groundwater depths.
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