Journal of Hydrology 570 (2019) 236–250

Contents lists available at ScienceDirect

Journal of Hydrology
journal homepage: www.elsevier.com/locate/jhydrol

Research papers

A reliable linear method for modeling lake level fluctuations
a

a,⁎

b

Isa Ebtehaj , Hossein Bonakdari , Bahram Gharabaghi
a
b

T

Department of Civil Engineering, Razi University, Kermanshah, Iran
School of Engineering, University of Guelph, Guelph, Ontario NIG 2W1, Canada

ARTICLE INFO

ABSTRACT

This manuscript was handled by Marco Borga,
Editor-in-Chief, with the assistance of Marco
Toffolon, Associate Editor

Accurate forecasting of lake level time series (LLTS) is an important but challenging problem with major economic, social and environmental implications. However, in recent years, the level of uncertainty in the existing
LLTS forecast methods has increased significantly due to climate change, therefore, the need to develop more
accurate models. The main research question for this study is whether it is necessary to use nonlinear methods in
LLTS modeling or if linear methods can produce as accurate and reliable forecast tools. We introduce a new
linear-based forecast method for LLTS using spectral analysis, seasonal standardization, and stochastic terms.
The application of the new LLTS forecast method is tested on two case study Lakes, including the Van Lake, in
Turkey and the Michigan-Huron Lake, in North America. A two-step preprocessing techniques based on standardization and differencing was used for the Van Lake, and spectral analysis and differencing was employed for
the Michigan-Huron Lake. We then compared the accuracy and uncertainty of the proposed linear method with
an artificial neural network (ANN) and adaptive neuro-fuzzy inference system (ANFIS) methods. The uncertainty
of the new linear LLTS forecast model was ± 0.00455 and ± 0.00264 for the Van Lake and the Michigan-Huron
Lake, respectively, compared to ± 0.00625 and ± 0.00766 for the ANN and the ANFIS (respectively) at the Van
Lake and ± 0.00312 and ± 0.00319 for the ANN and the ANFIS (respectively) at the Michigan-Huron Lake.
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1. Introduction
According to the World Water Assessment Program (WWAP) report
(UNESCO, 2003), by the year 2022, the amount of available freshwater
across the globe will be reduced by 30–40%, a vital asset requiring
superior administration for sustainable use. The inland freshwater lakes
is one of the most critical assets found in the world. These lakes have a
wide variety of beneficial uses and hence demands from recreation,
fisheries, irrigation, drinking water, and hydroelectric energy production. However, to overcome the limitations of using the required
complex input data sets and the limitations of the hydrological models,
these phenomena are often modeled using historical data sets using a
time series analysis and modeling techniques.
The existing methods in the prediction of the lake level time series
(LLTS) are divided into two general categories: linear-based methods
(i.e. stochastic models) such as auto-regressive integrated moving
average (ARIMA), seasonal ARIMA (SARIMA) and so on, and the nonlinear-based techniques emphasizing artificial intelligence (AI)-based
methods. The use of linear methods requires a series of conditions, most
notably the stationary nature of the series. So, for non-stationary time
series such as most of the LLTS, it is necessary to employed methods for
stationary the time series. Moreover, the existing of the different
⁎

deterministic term in LLTS which leads to the nonlinearity of the LLTS
has led researchers to tend to use nonlinear methods.
There are many stochastic based studies in the field of hydrology
(Valipour et al., 2013; Wang et al., 2015a; Traore et al., 2017;
Myronidis et al., 2018; Kazemian-Kale-Kale et al., 2018; Zeynoddin
et al., 2018), especially in lake level forecasting. Güldal and Tongal
(2010) employed Fourier series to eliminate the periodic components of
LLTS. The main weakness of their study is the not removing of trend
term which is a deterministic term. Moreover, they did not survey the
stationarization of time series using a quantitative test such as augmented Dicky-Fuller test. Existing such deterministic components led
researchers to tend to the use of nonlinear methods in LLTS modeling.
Recently, the use of AI-based techniques as a power approach in
solving complex nonlinear problems (Wang et al., 2009; Ebtehaj et al.,
2015; Wang et al., 2015b; Khozani et al., 2017; Gholami et al., 2017;
Atieh et al., 2017; Shaghaghi et al. 2017; Shabanlou, 2018; Freeman
et al., 2018) remarkably increased and specially in lake level forecasting (Myronidis et al., 2012; Sanikhani et al., 2015; Shafaei and Kisi,
2016; Shiri et al., 2016; Zaji et al., 2018). Sanikhani et al. (2015) applied two different design of ANFIS, ANFIS with subtractive clustering
(ANFIS-SC) and ANFIS with grid partitioning (ANFIS-GP), and gene
expression programming (GEP) for lake level foresting up to three
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month-ahead. They found optimal ANFIS-GP in predicting one and
three months ahead and ANFIS-SC in predicting two month-ahead as
the best models. However, the results of all model for predicting different month-ahead show the high level of accuracy in lake level predicting using these models.
A new method in the field of time series prediction is a combination
of stochastic method and AI-based techniques. Moeeni et al. (2017a) by
considering the different deterministic term of monthly inflow time
series such as jump, trend and period, and removing these terms, proposed a novel hybrid method based on a combination of SARIMA model
and ANFIS. The results approve the higher performance of the proposed
method in comparison with individual ones, SARIMA and ANFIS. The
presented hybrid methodology in Moeeni et al. (2017a) is performed
with a combination of SARIMA and GEP and minor modification by
Moeeni et al. (2017b). The results indicate the proposed hybrid methodology based on a combination of the linear and nonlinear method
could be a high-performance method of prediction inflow time series.
Recently, a significant question was put forward in predicting soil
temperature by Bonakdari et al. (2018). The authors in their paper
claimed that the linear methodology could be a better approach to soil
temperature modeling. The results of those paper proved their claim.
The fundamental question raised is whether using the proposed methodology based on recognition and elimination of deterministic term of a
time series and its linear modeling will lead to better results for other
time series? This question is answered in the current study.
In this study, a novel hybrid linear-based methodology based on the
stochastic models which are encoded in MATLAB software is presented
for the first time for LLTS modeling. The proposed methodology is including of two-step preprocessing which is employed for the first time
which is employed spectral analysis and standardization (seasonal and
non-seasonal) techniques in combined with differencing (seasonal and
non-seasonal) as the second step of preprocessing. Afterward, the remaining stochastic term of time series is employed as the input of
stochastic-based models (i.e., ARIMA, SARIMA, etc.). The independence
of the residual of the proposed linear-based methodology is examined
by non-parametric Wald Wolfowitz run and cumulative periodogram
tests. Moreover, the result of the linear-based methodology is compared
with two published papers in high-quality journals, Çimen, and Kisi
(2009) and Kişi (2009), and two popular artificial intelligence based
techniques (ANN and ANFIS) using multi-criteria statistical indices.

term. Apart from the stochastic term that is required for modeling, the
existence of other terms causes the time series non-stationary.
Stationary of time series is the basic condition for stochastic modeling,
which is examined using various tests such as Augmented Dicky-Fuller
(ADF) and autocorrelation function. The ADF test relationships are as
follows:
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H0: γ = 0 & H1: γ < 0
This test is a single root test, which examines the stationary by
probing the absence of a single root for the series. The l(t) is the value of
data at time t, τ is the statistic of the ADF test, is the estimated root
coefficient,
is the standard error of estimated coefficient, H0 is the
assumption zero based on the existence of unit root and H1 is the alternative assumption on the absence of single root, Δ is the the first
order differential operator, α is the constant value, β1 and β2 are the
coefficient of the linear and the second degree (respectively) trend,
which can be considered zero, φi is the ith auto-correlation coefficient, p
is the maximum order for considered auto-regression and τ is smaller
than the critical value, meaning the absence of a single root and stationary.
Since the zero assumption is based on the nonlinear series, the
probability with the test statistic (PADF) is less than the significant level
of 5% means that the time series is stationary. After reviewing the
series, using the above test, in the case of non-stationary, it should
identify the factors that have caused non-stationary. Therefore, MannKendal (Hirsch and Slack, 1984), Mann-Whitney (Mann and Whitney,
1947), and Fisher (Kashyap and Rao, 1976) tests were used to examine
the existence of each term of the trend, jump, and period (respectively)
in the series.
2.1.2. Stochastic modeling
In stochastic modeling, deterministic components of time series
should be identified and adequately eliminated, and only a stochastic
term of the time series remains for modeling. In this case, the deterministic components are jumps, trends, and period. The above
components are identified by the proposed tests and then eliminated by
non-seasonal and seasonal standardization, spectral analysis, and differencing. The non-seasonal standardization relationship is presented as
follows:

2. Methods
This section includes two main sections; “proposed linear-based
methodology” and “theoretical overview of nonlinear based techniques.” In the first section, the proposed methodology for LLTS is presented. At the beginning sub-section of Section 1, a different test is
presented for the study of the time series length, and the existence of
different terms of time series such as trend, jump and period. After
identifying and removing any of these terms, the stochastic modeling is
presented. Finally, the residuals independence related to all stochastic
modeling is surveyed. In the second section, an overview of two important nonlinear based techniques (ANN and ANFIS) are presented,
and the architecture of each model is given in the final sub-section.

Std. =

l (t ) l¯
Sd

(3)

where Std is series converted with zero mean and standard deviation 1, l
(t) is the time series data, l¯ the mean of data, and Sd is the standard
deviation of the data. In the case of seasonal fluctuations, it can be
applied as follows:

S. Std . =

2.1. Proposed linear-based methodology

l (t , i) l¯ (i)
Sd (i)

(4)

where S.Std. is converted data with zero mean and standard deviation
1, t(i,t) of data in tth year and ith season, l¯ (t , i) mean of ith season data
and Sd(i) standard deviations of ith season data. Seasonal standardization leads to the elimination of correlations in the mean and standard
deviations in a time series and stationary time series (Marco et al.,
1993). In this method, it is no longer necessary to accurately identify
the periodic components. Spectral analysis (Sf) is done that how much
time series changes are affected by repetitive components. So, a spectrum is obtained over an interval of frequencies, and the periodic
components can be distinguished in a non-stationary time series. With
the help of spectral analysis based on the Fourier series expansion, a

2.1.1. Time series components
In hydrological studies, it is essential to include all periods of
drought and wet in time series to ensure the credibility of studies.
Therefore, Hurst's empirical relationship is used to determine the presence of boundary values in the time series. According to this relationship, if the coefficient is greater than 0.5, the length of the series
is sufficient for modeling (Hurst et al., 1965).
Each time series has a special structure with its components of 4
different terms. These terms include trend, jump, period, and stochastic
237
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time series can be decomposed into sinusoidal and cosine functions. In
this way, the periodic component can be presented as a function of
time, and by reducing the component of the time series, the periodic
component is removed, and the series is stationary.

sequences (respectively), Sd is the standard deviation of the sequences,
N is the total number of data, ns is the number of smaller data and nb is
the number of data is larger than the mean. If the probability corresponding to the test statistic (PUR) is greater than the significant level
of 5%, the series of residues will be independent.
The flowchart of the proposed linear-based methodology in this
study which is considered all of the above-mentioned statistical test and
stationarization techniques, is presented as follows (Fig. 1):
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where l¯ (t ) is the mean of the original time series, ε(t), the residual of
the Fourier series extensions, αz and βz are Fourier coefficients, fz is
equal to zth harmonic of the base frequency, k is the maximum of the
harmonic amount that 2z and 2z-1 are for even and odd data respectively. The Fourier coefficients and fz are calculated as follows:
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2.2. Theoretical overview of nonlinear based techniques
2.2.1. Multi-layer perceptron neural network (MLP)
One of the most widely used and popular neural networks is multilayer perceptron (MLP) networks which include three main layers;
input, hidden and output layers. In this study, the activation functions
of “tansig” and “purelin” are considered for hidden and output nodes
(respectively). During the MLP network training with backpropagation
(BP), the computation is first performed from the input to the network
output; then the calculated error values are propagated to the previous
layers. Initially, the output is estimated in a layer-to-layer manner, and
the output of each layer forms the input of the next layer.
The training steps with the help of this algorithm are: 1) Assign the
weight matrix to each of the connections, 2) Select the input and output
vector corresponding to it, 3) Calculate the output of the neuron in each
layer, and thus calculate the output of the neurons in the output layer,
4) Update the weights by the method of propagating the network error
(the difference between actual output and calculated output) to the
previous layers, 5) evaluating the network performance trained using
the mean square error (MSE), 6) returning to step (3) or the end of
training.
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The periodic term is obtained by reducing the high quantity from
the original time series as follows:

Sf = l (t )

(9)
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Moreover, the differential equation is as follows:

lt = lt
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where lt is the amount of time series at time t and lt-m is the amount of
time series in mth delayed. Differentiation eliminates the trend and
jumps in the mean and removes the periodicity of the mean. After deletion of definite components, using the SARIMA model coefficients, it
is possible to establish a linear correlation between the time series values for predicting future values. The model's relationship is as follows:
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2.2.2. Adaptive neuro-fuzzy inference systems (ANFIS)
The ANFIS method (Jang, 1993) is a combination of ANN and a
fuzzy inference system (FIS). The first step to construct a fuzzy system
was to determine the input parameters of the model and to select the
type and number of membership functions Additionally, to minimize
the modeling error value, the number of significant iterations should be
considered, so increasing this value does not have a substantial effect on
the modeling results. The membership function shape is modified
during the training process to obtain the optimal relationship between
the input and output of the model, until acceptable convergence is
achieved.
For a first-order Sugeno fuzzy model with two inputs, the if-then
rules are defined as:

2S

B S ) D l (t )
qB

q)(1

1B

2B

2S

...

QB

QS )

(t )
(11)

where l(t) is the amount of precipitation at time t, S is equal to periodicity, B is the differential operator, such that B(xt) = lt−1 and (1−B)d
is the dth non-seasonal differential, (1−BS)D is Dth seasonal differential
in step S, P and Q are the orders of the seasonal autoregressive and
moving average parameters respectively, p and q are the orders of nonseasonal autoregressive and moving average parameters respectively,
ε(t) is the random component, Φ and Θ are the seasonal autoregressive
and moving average parameters respectively, and φ and θ are the nonseasonal autoregressive and moving average parameters respectively.

(12)
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Rule 2: if x is A2 and y is B2 , Then f2 = p2 x + q2 y + r2

(16)

2.3. Uncertainty analysis for the proposed methodology predictions

(13)

ER = (ns + nb + 2ns nb )/N

(15)

where Ai and Bi are linguistic labels such as “less” or “low” and p1, p2,
q1, q2 is the parameter set which is determined through the training
process.
The structure of ANFIS includes five different layers; fuzzification,
product, normalization, de-fuzzification, and output (respectively). In
the “fuzzification” layer, the membership degree of each is determined.
The activation degree and firing strength related to each rule are calculated in the “product” and “normalization” layers, respectively. In the
fourth layer, the de-fuzzification process is done. Finally, in the last
layer, the summation of all input signals are determined in the “output”
layer. The more detail of the ANFIS network is referred to Moradi et al.
(2018) for more details related to the ANFIS model structure.

2.1.3. Residuals independence
The independence of the residuals of the model is the correct
modeling condition. Therefore, to check the independence of the residuals, non-parametric Wald Wolfowitz run test is used (Siegel and
Castellan, 1988). This test is feasible for all hydrological events recorded in a series of times. To perform this test, first, to each data lower
and higher than the mean value is given the characteristics s and b,
respectively, then the statistics are calculated as follows:

UR = (R

Rule 1: if x is A1 and y is B1, Then f1 = p1 x + q1 y + r1

In this sub-section, a quantitative evaluation of the uncertainties in
the forecasting of the lake level is offered using the proposed linear
based methodology for two lakes, Van and Michigan-Huron, versus two

(14)

where UR is the test statistic, ER and R are expected and achieved
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Fig. 1. The flowchart of the proposed linear-based methodology.

popular nonlinear based models, ANN and ANFIS. The provided results
of uncertainty analysis (UA) in this subsection is applied to the test
dataset (Ebtehaj et al., 2018; Azimi et al., 2018).
To survey UA, the individual forecasting error (IFE) is defined as
follows:

IFEi = Fi

2.4. Model verification
To evaluate the accuracy of the proposed linear methodology and
the nonlinear methods (ANN and ANFIS), various indices are employed.
The indices considered in this study include the coefficient of determination (R2), two indices mean absolute percentage error (MAPE)
and relative root mean square error (RMSRE) and the root mean square
error (RMSE) index, which is an absolute index. The maximum value of
R2 is equal to 1, the higher the magnitude of this index for a model is
closer to this number, indicating the high correlation of the predicted
values using the model with observational values. The minimum values
of the MAPE, RMSRE and RMSE indices are zero, and the maximum is
infinite. The smaller value for these three indices, confirms the better
accuracy of the model.

(17)

Oi

where F and O are the forecasted and the observed samples, respectively. The IFE is employed for computing the mean of IFE (MIFE) and
standard deviation of IFE (SDIFE). The MIFE and SDIFE are defined as
follows:
n
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where n is the number of samples.
A positive (or negative) value of MIFE shows the overestimate (or
underestimate) the observed values. A confidence band around the
forecasted values is defined based on the MIFE and SDIFE using the
Wilson score method without continuity correction (WSMWCC). The
95% forecasting error interval (FEI) is achieved approximately by
considering the ± 1.96 SDIFE.
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necessary issue that attracts the researchers’ attention.
The Michigan-Huron Lake is one of North America's largest water
supply sources in both the United States of America and in Canada
(Brinkmann, 2000). The surface area of this lake is 117,300 km2 with a
maximum depth of 281 m, the volume of water is 8460 km3. The largest
inflow into this lake is St. Mary's River from Lake Superior and its main
outlet is via the St. Clair River to Lake Erie. The population of the
Michigan-Huron basin is about 33 million people which commercial
activities are comprising production of industrial products, tourism and
agriculture (Wilcox et al., 2007).
The position of the Van Lake and the Michigan-Huron Lake is presented in Fig. 2. The data related to Michigan-Huron Lake and Van Lake
had been measured at Harbor Beach (United States) and Tatvan,
(Turkey) stations, respectively. Van Lake data was measured from 1944
to 2002 (708 monthly levels). Michigan-Huron Lake water level data is
also available from 1918 to 2013 (1152 monthly levels). This data has
been measured at Hurbor beach station. For time series modeling, 80%
of the beginning of the series, as the data (for the Van, 564 months and
Michigan-Huron, 912 months), are considered for train and 20% end for
testing (for Van, 144 months, and Michigan-Huron, 240 months).
Measured data are hydrologically based, meaning from the beginning
and the end months of October and September. Fig. 3 shows the time
series of the data studied. In this figure, it can be seen that time series
have trend and jump and severe fluctuations. However, for the further
review, the autocorrelation function (ACF) and partial autocorrelation
function (PACF) diagrams are presented in Fig. 4 illustrating the trends
and fluctuations for the time series.
The statistical indices of the two lakes are presented in Table 1. In
this table, from left to right, the number of data in both the test and
train, the mean of the data ( x̄ ), the standard deviation (SD), the coefficient of variation (CV), the minimum (xmin), the first quartile (Q1), the
median (x50), the third quartile (Q3), the maximum (xmax), the skewness
(Sk) and the kurtosis (ku) of the both lakes data is seen. The mathematical forms of the mentioned statistics are defined as follows:

2

¯
l)

l¯t )( li

(li

¯
l )2

(23)

where li the observed lake levels and li the standardized and differenced
modeled lake level. It should be noted that the value of RMSE has a
dimension of the meter.
In addition to the indices, the Nash-Sutcliffe index is also used to
evaluate the performance of the model for data that has a difference
from the mean (Burnham and Anderson, 2002; Nash and Sutcliffe,
1970).
N

NSE = 1

N

lf ,i )2 /

(l0, i
i=1

(l 0, i
i=1

l¯0, i )2

(24)

where l0,i and lf,i are respectively the ith value of observed and forecasted lake levels. The Nash-Sutcliffe coefficient measures the forecasting power of models through the deviates from the mean value. The
statistical value varies from -∞ to 1 and the closer the coefficient is to 1,
the more accurate model. Moreover, the Akaike's Information Criterion
(AICc) is used to examine and compare the models by considering the
accuracy and complexity of the model simultaneously. The AICc allows
comparing the statistical models by dealing with the compromise between the simplicity of the model and its goodness-of-fit. The AICc
index is defined as follows:

AICc = n ln( 2 ) +

n

2kn
k 1

(25)

where K is the number of parameters, n number of months is the residuals’ standard deviation.
3. Case studies areas
The data used in this study is the time series for the Van Lake in
Turkey and Michigan-Huron Lake in North America. Van Lake is about
3713 km2 in Turkey. The deepest part of the lake is 457 m, its longest
dimension is 119 km, and the altitude is 1650 m. The water level
reached its lowest level in the winter, and rising over the spring, feeding
on melting snow, surrounding mountains, rainfall, and small rivers. The
quality of water in this lake is not suitable for use in agriculture and
drinking because of its high salinity. This lake is the largest lake in
Turkey, and it has an essential role in its economy due to its proximity
to Iran. During the last decade, the Van Lake level in eastern Turkey has
been on the rise submersing the flat shorelines, damage to people’s
property, problems for the irrigation and drainage systems, and greatly
concerning governmental officials and local administrators
(Altunkaynak, 2007). Thus, the Van Lake level forecasting is a
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Fig. 2. Locations of Case Studies.
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Fig. 3. Van Lake and Michigan-Huron Lake times series.
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4.1. The results of lake level time series modeling
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The data of two lakes were evaluated by the “Hurst test” to verify
the sufficient length of the data. According to the results, the coefficient
obtained for the Van Lake is 1.07 and for the Michigan-Huron Lake is
0.85, both values are greater than 0.5. Therefore, the length of the
statistical period is sufficient for modeling. Concerning Fig. 3, trends,
jumps, and period in each case can be seen clearly. This is confirmed in
Fig. 4 with the drawing of series ACF and PACF diagrams. In this figure,
correlations of the same direction and periodicity represent the trend
and period in the series. But for further investigation, the tests presented in the previous sections are applied to the series. According to
the results of the tests presented in Table 2, the p-value of the MannKendal, seasonal Mann-Kendal, Mann-Whitney tests for the Van Lake
and the Michigan-Huron Lake time series are less than the significant
level of 5% and confirm the trend and jump in the series. But surprisingly, Fisher's test data for each lake time series is less than 3, which
means that there are no alternatives in the series. To the occurred
contradiction, the spectrum of the series was drawn in Fig. 5.

(32)

where N is the number of samples, xi is the ith sample, y is the
truncated integer value of w is equal to L(N + 1)/4 where L is 1 and 3
for Q1 and Q3 (respectively), and z is the fraction component of w that
was truncated away. It should be not that when w is an integer, y = w,
z = 0, and Q1 or Q3 = x(y)
It is seen that the values of the indices and the range of numbers for
the two lakes are quite different. Distribution of data of both lakes with
each other, in test and train intervals are different and asymmetric. The
data kurtosis is negative in both lakes and is less than normal. The
amount of data deviation from the mean is low, and this value is close
to the test and train periods.

Fig. 4. The auto correlation function (ACF) and partial auto correlation function (PACF) of Van and Michigan-Huron lakes.
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Table 1
Statistical indices of lake levels in training and testing phase.
Lake

phase

Num.

x̄ (m)

SD (m)

CV

xmin (m)

Q1 (m)

x50 (m)

Q3 (m)

xmax (m)

Sk

ku

Van

train
test

564
144

1647.85
1649.54

0.61
0.59

0.37
0.35

1646.68
1648.41

1647.34
1648.99

1647.74
1649.63

1648.33
1650.08

1649.26
1650.53

0.30
−0.16

−1.00
−1.33

Michigan-Huron

train
test

912
240

176.47
176.21

0.40
0.35

0.16
0.12

175.58
175.57

176.16
175.98

176.48
176.10

176.76
176.39

177.50
177.19

−0.02
0.81

−0.69
−0.04

Table 2
Test results of lakes before and after first step pre-processing.
Lake\Tests

Van Lake
1st step preprocessing

Michigan-Huron Lake
1st step preprocessing

Jump

Trend

Period

Stationarity
*

%PMW

%PMK

%PS.MK

F

Std.
S.Std.
Sf

0.01
0.01
0.01
0.01

0.01
0.01
0.01
0.01

0.01
0.01
0.01
0.01

0.0916
−7.19E+08
−5.99E−12
−4.17E−04

86.87
86.87
86.87
93.07

Std.
S.Std.
Sf

0.01
0.01
0.01
0.01

0.01
0.01
0.01
0.01

0.01
0.01
0.01
0.01

0.1046
−6.40E+06
−5.68E−12
2.74E+02

15.91
15.91
2.09
7.92

%PADF

Fig. 5. Spectral density of lake levels.

In this figure, it can be seen that both series have a period at the
frequency equivalent to step 12. On the other hand, there are apparent
fluctuations in the graph of both time series. The Fisher test, therefore,
has poorly tested the frequencies in series, and both series have a period
in step 12. The probability corresponding the ADF test statistic to both
series is higher 5%, indicating that both series are non-stationary.
Therefore, in the structure of both time series, there are all definite
components, trends (seasonal and non-seasonal), periodicity and jump.
Consequently, they should be eliminated by appropriate methods to
remain stochastic term in the series for modeling. For this purpose, in
the first step, by a stationary using Std, S.Std. and Sf endeavored to
remove definitive terms. The test results are presented in Table 2
showing that none of the methods have been able to eliminate definite
terms and have decreased even in Sf. In the meantime, the series from
S.Std. for the Michigan-Huron Lake, according to the statistical probability of jump tests and trends is less than 5%, the stationary of the
series has increased, and the probability of the test statistic has fallen
below 5%, i.e., 2.09%, which is a contradiction. However, the results
indicate that a pre-processing step is not enough for the time series and
requires more pre-processing.
In the second stage of preprocessing, from the series of single stage
preprocessing, non-seasonal and seasonal differencing, were made. The
results are presented in Table 3. For Van Lake's time series, none of the

differencing methods on the time series of non-seasonal standardization
have been able to eliminate jump in the series. Except for the seasonal
differentiation in the seasonal series of seasonal standardization, the
jump in the remaining Van Pre-processed series has been well removed,
and the differencing methods on the spectral analysis series have the
highest probability of statistics than standardizations. The trend has
been entirely eliminated by using all three differential methods and in
this case, the non-seasonal differencing for all three series from Std.;
S.Std. and Sf has the best performance in eliminating the non-seasonal
trend and the seasonal and non-seasonal differencing for the above
series has had the best performance in eliminating the seasonal process.
Fisher test, which in the previous step showed the series without a
period, at this stage shows the series of non-seasonal differencing,
seasonal differencing on Std. and S.Std. (respectively) and the nonseasonal and seasonal differencing simultaneously on the Sf in a periodic manner. However, all three series produced for the Van Lake are
well stationary concerning the ADF test.
For the Michigan-Huron Lake, similar to the Van Lake, the three
differencing methods have been applied to the series of non-seasonal
standardization in the removal of jump performed weakly. The nonseasonal differencing series from S.Std. and the seasonal differential on
the Sf series has also failed to remove the jump. But the method of nonseasonal and seasonal differencing simultaneously for Std. and S.Std.
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Table 3
Test results of lakes related to second pre-processing.

2nd step preprocessing

Non-seasonal Differencing

Seasonal Differencing

Non-seasonal & Seasonal Differencing

Lakes

Van

Tests

Std.

S.Std.

Sf

Std.

S.Std.

Sf

%PMW
%PMK
%PS.MK
F*
%PADF
%PMW
%PMK
%PS.MK
F*
%PADF
%PMW
%PMK
%PS.MK
F*
%PADF

0.01
85.18
44.86
752.2653
0.01
0.01
33.31
44.71
108.5239
0.01
0.01
57.97
61.24
−0.0187
0.01

19.08
71.73
46.89
10.5807
0.01
0.01
38.68
20.56
112.2988
0.01
56.29
53.98
61.5
−0.0072
0.01

85.3
64.18
44.57
416.1753
0.01
94.02
24.21
16.91
−0.0079
0.01
88.99
37.91
72.41
60.324
0.01

0.01
65.71
36.76
−0.0504
0.01
0.01
0.34
0.42
−0.0002
0.01
0.01
92.39
93.12
1.73E+03
0.01

0.01
27.29
29.62
−0.0399
0.01
55.49
0.32
0.42
−0.0001
0.01
57.01
95.55
80.53
1.81E+03
0.01

23.74
71.92
36.64
−0.0058
0.01
0.18
0.23
0.19
−5E−05
0.01
73.14
66.52
85.99
610.7359
0.01

removed this term well. The seasonal differencing method has not been
able to eliminate the trend in the lake's pre-processed series. But the
simultaneous differencing (simultaneous non-seasonal and seasonal)
has eliminated this term well. The results of the Fisher test also show
that the simultaneous differencing induces a periodicity in all three
series from Std., S.Std. and Sf, but the test values for the other two
methods of differencing are still less than 3. According to the results of
the ADF test, the same as the Van, all three are stationary.
The ACF diagrams of the above series are plotted in Fig. 6. In this
figure, it is seen that single-stage preprocessing is not capable of securing the series and there are many correlations in the series. By applying differentiation on the series, except for the non-seasonal differential in the Std series. and Sf, which caused severe seasonal
correlations, the correlations value for other series declined sharply,
and all have been stationary. On the other hand, the ADF test is not able
to identify the seasonal correlations generated in the non-seasonal
differential series on Std. and Sf and they're non-stationary.
According to the results of the tests in Table 4 and the diagrams in
Fig. 6, the series of simultaneous differencing methods are very suitable
for modeling. In this method, it can be seen that not only have the
acceptable results obtained in the tests but also, according to the diagrams, fewer parameters for modeling is needed. For example, in the
seasonal differencing method, at least 11 non-seasonal parameters and
1 seasonal parameter for modeling are needed (for both lakes). While
for simultaneous differencing, this number has reached a maximum of 2
parameters for the Van Lake and maximum 4 parameters for the Michigan-Huron Lake.
Considering the lower number of parameters for modeling that
yields acceptable results leads to a simpler linear model that makes use
of it more practical. Therefore, modeling is done according to the
minimum values for the linear model parameters (Eq. (11)). Thus, for
modeling of lake time series, the SARIMA model with seasonal and nonseasonal differencing and seasonal and non-seasonal parameters with a
maximum order of 4, i.e., p, q, P and Q = {0, 1, 2, 3, 4} are used
(Fig. 6).
The results of the superior model indices for each of the methods are
presented in Table 4. In this table, it is seen that the modeling has a very
good coefficient of determination. The amount of errors is also very
low. In this modeling, the combination of spectral analysis and then
simultaneous differentiation has the highest correlation in the Van Lake
and the Michigan-Huron Lake (R2 = 0.9954 (Van); R2 = 0.9889 (Michigan-Huron)) and the Std method for Van lake, and S.Std method has
the lowest value between all methods.
The Nash-Sutcliffe index values also show that the modeling power
of the series is high, and the spectral analysis method with the SARIMA

Michigan-Huron

model (3.1,1) (2,1,3)12 for Van and the SARIMA model (1, 1.0)
(0.1.1)12 had the best performance for the Michigan-Huron Lake
(NSE = 0.9952 (Van); NSE = 0.9887 (Michigan-Huron Lake).
Akaike information criterion corrected (AICc) results indicate that
the spectral analysis is appropriate for modeling the Michigan-Huron
Lake so that the value of this criterion is the least among the other two
methods. While for the Van the best model, is the model (1,1,2)
(0,1,1)12 that in the first stage of its pre-processing the Std method has
been used. The number of parameters given in this model is lower than
the other models, and the values of the indices for this method are very
close to the spectral analysis method. Since the values of the indices
R2 = 0.9951; RMSE (m) = 0.0417; NSE = 0.9950 for this model is very
close to the spectral analysis method and the values of other error indices, MAPE = 0.0019 = RMSRE = 0.0025 is the same, so the model is
chosen as the superior model. After identifying different models, the
independence of the residuals of each model should be evaluated.
Generally, the best model for Van and Michigan-Huron Lakes is as
(1,1,2)(0,1,1)12 and (1,1,0)(0,1,1)12, respectively, which demonstrate
the seasonal and non-seasonal differencing is employed simultaneously
in both lakes. The AICc index which considers both the complexity and
accuracy of each model for selecting the superior models for the Van
Lake and for the Michigan-Huron Lake is −906.36 and −1580.11,
respectively.
Moreover, the order of the non-seasonal autoregressive (AR) parameter for the Van Lake is one while the order of the seasonal AR is zero
which indicates the seasonal AR is not used by the superior model for
the Van Lake. The order of the non-seasonal and seasonal moving
average (MA) in the proposed linear model for the Van Lake is 2 and 1,
respectively. Indeed, the sum of the order of seasonal and non-seasonal
AR and MA parameters related to a superior model for the Van Lake is
four (AR = 1; MA = 2; seasonal AR = 0 and seasonal MA = 1). The
order of the seasonal and non-seasonal AR parameter, as well as the
seasonal MA for a superior model of the Michigan-Huron Lake is similar
to the Van Lake. Moreover, this model did not employ the non-seasonal
MA parameter for the Michigan-Huron Lake level prediction.
Consequently, the proposed linear method forecasted not only the
fluctuations of the Van Lake and the Michigan-Huron Lake with a high
level of accuracy but also the proposed model is straightforward with
the lowest order of the seasonal and non-seasonal AR and MA parameters.
To investigate the independence of the remaining series and to
ensure the elimination of periodicity detected in the series, the nonparametric Wald Wolfowitz run test (Table 4) was applied to the residuals series and the Cumulative periodogram drown (Fig. 7). It is
observed that the Wald Wolfowitz test values for all series of residues
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Michigan-Huron Lake

Van Lake

Fig. 6. Auto Correlation Function (ACF) of preprocessed data.

are more than 50%, indicating the relative independence of the residuals and the validity of the modeling. On the other hand, according
to Fig. 7, all independent series and periodicity have been eliminated
well.

The time series graphs for the Van Lake and Michigan-Huron Lake,
along with the superior method for each lake, is presented in Fig. 8. In
this figure, it can be seen that the modeling of the series results from the
pre-processing using the Std and Sf method for the Van Lake and the
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Table 4
Lake levels model results.
Lakes
Non-seasonal & Seasonal Differencing

Van
Michigan-Huron

Std.
S.Std.
Sf
Std.
S.Std.
Sf

MODEL

R2

RMSE (m)

MAPE%

RMSRE

NSE

AICc

%PUR

(1,1,2)(0,1,1)12
(2,1,3)(0,1,2)12
(3,1,1)(2,1,3)12
(3,1,4)(0,1,0)12
(1,1,0)(0,1,1)12
(1,1,0)(0,1,1)12

0.9951
0.9947
0.9954
0.9779
0.9888
0.9889

0.0417
0.0433
0.0407
0.0529
0.0370
0.0368

0.0019
0.0020
0.0019
0.0242
0.0172
0.0171

0.000025
0.000026
0.000025
0.000301
0.000210
0.000209

0.9950
0.9946
0.9952
0.9765
0.9885
0.9887

−906.36
−889.25
−903.53
−1395.03
−1577.06
−1580.11

67.64
95.02
67.80
50.86
53.02
74.51

Fig. 7. Cumulative periodogram of lake levels models.

Fig. 8. Monthly lake levels estimate of superior preprocessing method in test period.

Michigan-Huron Lake, using the SARIMA model, provide very satisfactory results so that the predicted value has very good conformity
with the observed values.
In Fig. 9, the box plot of the series is modeled using the SARIMA
model for each of the 3 preprocessing methods. In this figure, it can be
seen that the box areas for all three methods of stationary are very close
to observational values, and the statistical characteristics are well
maintained and close to real values. On the other hand, the predicted
peak samples in Michigan-Huron Lake by Std. and Sf is much closer to
the observed values related to S.Std.

4.2. Comparison of the proposed methodology with ANN and ANFIS
It is essential to adjust the modifiable parameters related to each
model to achieve an accurate and optimal nonlinear based models
(ANN & ANFIS). The optimal values of the ANN and ANFIS for modeling the water level of the Michigan-Huron Lake and the Van Lake
which are attained through a trial and error process have been presented in the following table (Table 5):
Table 6 compares the results of the best models presented using the
proposed linear based methodology for Van and Michigan-Huron lakes
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Fig. 9. Box plot of observed data vs. modeled data in test period.

fairly similar accuracy, and the increase in lag does not have a significant effect on modeling. Also, for the data of this lake, two models
with ANN models (similar regarding number and type of parameters)
are modeled using ANFIS. The ANFIS model (FCM, 2.3) indicates that
the fuzzy c-means clustering method has been used for FIS generation in
ANFIS. The number of clusters considered is 2, and the number of inputs of the model is also 3 (t-1, t-2, t-3). For ANFIS models, with the
constant of modeling conditions, the increase in the number of modeling parameters from 3 to 4 has led to a relatively small accuracy increase, although it also adds to the complexity of the model. Comparing
the two models of ANFIS (FCM, 2.3) and ANFIS (FCM, 2.4) using the
AICC index, which also considers the complexity of the model in addition to considering the accuracy of the model, shows that the AICC for
ANFIS (FCM, 2.3) is less than the ANFIS (FCM, 2.4) (AICC = −738.72).
The comparison of two nonlinear ANN and ANFIS methods using the
AICC index shows that the ANN model (3.1.1) (AICC = −797.86) has
the best performance among all the nonlinear models presented in this
study. In this study, in addition to the statistics indices that only consider the model's accuracy (R2 = 0.9951; RMSE (m) = 0.0417; MAPE
% = 0.0019; RMSRE = 0.000025; NSE = 0.995) have better performance than nonlinear methods, in terms of AICC = −906.36, also have
a significant advantage over nonlinear methods.
Therefore, the proposed linear-based methodology is a superior
modeling technique compared to the existing non-linear methods by
providing a simpler yet more accurate model than the nonlinear
models. The results of the proposed linear-based methodology in the
Michigan-Huron Lake and the Van Lake level, each of which in three
different structures and are compared with two existing non-linear
models in Table 6.
In both ANN and ANFIS methods, with the constant of all the
parameters of the model, increasing an input parameter leads to an
increase in modeling accuracy. It should be noted that the excessive
increase in the number of inputs increases the complexity of the model.
For this reason, the AICC index, which takes into account the

Table 5
The optimal values of adjustable parameters related to different AI-based
techniques.
Method

Parameter

Setting
Michigan-Huron

Van

ANN

Activation function
Number of hidden layer
Number of hidden neurons
Training algorithm
Iteration number

tansig
1
1
BP
2000

tansig
1
1
BP
2000

ANFIS

MF number
FIS generation technique
Training algorithm
Iteration number

2
FCM
Hybrid (BP-LS)
5000

2
FCM
Hybrid (BP-LS)
5000

with the results of nonlinear methods (ANN & ANFIS). The results of
linear methods are divided into two categories, results presented in
previous studies (Kişi, 2009; Çimen and Kisi, 2009) and the results of
modeling in this study. The Van Lake level modeling, presented by Kişi
(2009) and Çimen and Kisi (2009), has a lower accuracy than the
modeling performed in this study. Çimen and Kisi (2009) have been
able to increase the accuracy of the Van Lake level modeling by increasing the number of hidden layer neurons and also considering a
delay higher than Kişi (2009). The relative error presented for the ANN
model (4,8,1) (Çimen and Kisi, 2009) is about one-third the value of
this index for ANN (3.1,1) (Kişi, 2009). On the other hand, the coefficient of determination also increased by about 3%.
In this study, the non-linear modeling of these data has been modeled due to the lack of access to the exact amounts of modeling data in
past studies to compute indices such as NSE AICc, RMSRE. The indices
presented for Van's Lake data (test period) shows that the two models
ANN (3.1.1) and ANN (4.1.1), which have a very simple structure, have

Table 6
Comparison of Proposed linear based methodology with two famous nonlinear methods (ANN & ANFIS).
Lake

Reference

Method

Inputs

R2

RMSE (m)

MAPE%

RMSRE

NSE

AICc

Van

Current study

Proposed methodology
ANN (3,1,1)
ANN (4,1,1)
ANFIS (FCM,2,3)
ANFIS (FCM,2,4)
ANN (3,1,1)
ANN(4,8,1)

(1,1,2)((0,1,1)12
t−1, t−2, t−3
t−1, t−2, t−3, t−4
t−1, t−2, t−3
t−1, t−2, t−3, t−4
t−1, t−2, t−3
t−1, t−2, t−3, t−4

0.9951
0.9898
0.9896
0.9893
0.9895
0.951
0.985

0.0417
0.0607
0.0601
0.0873
0.0763
0.4021
0.0199

0.0019
0.0029
0.0029
0.0044
0.0037
0.0181
0.0066

0.000025
0.000037
0.000036
0.000053
0.000046
–
–

0.9950
0.9891
0.9896
0.9762
0.9821
–
–

−906.36
−797.86
−794.95
−738.72
−730.70
–
–

Proposed methodology
ANN (3,1,1)
ANN (4,1,1)
ANN (5,1,1)
ANFIS(FCM,2,3)
ANFIS(FCM,2,4)
ANFIS(FCM,2,5)

(1,1,0)(0,1,1)12
t−1, t−2, t−3
t−1, t−2, t−3,
t−1, t−2, t−3,
t−1, t−2, t−3
t−1, t−2, t−3,
t−1, t−2, t−3,

0.9889
0.9837
0.9845
0.9855
0.9826
0.9840
0.9849

0.0368
0.0445
0.0433
0.0417
0.0459
0.0440
0.0427

0.0171
0.0201
0.0199
0.0192
0.0207
0.0201
0.0197

0.000209
0.000252
0.000246
0.000237
0.000260
0.000250
0.000243

0.9887
0.9834
0.9842
0.9853
0.9826
0.9838
0.9847

−1580.11
−1485.01
−1495.37
−1508.74
−1436.20
−1443.41
−1441.31

Kişi (2009)
Çimen and Kisi (2009)
Michigan-Huron

Current study
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Fig. 10. Taylor diagram presentation for the proposed linear-based equation and nonlinear methods (ANN & ANFIS) at Van and Michigan-Huron lakes.

complexity and accuracy of the model simultaneously, is presented in
this study. The lowest value of the AICC index is obtained in ANN and
ANFIS methods for a different structure.
The use of the 5 input parameters leads to the best answer in ANN
(5.1.1) (AICC = −1508.74). While using 4 parameters is along with the
best performance in ANFIS (FCM, 2.4) (AICC = −1443.41). Similar to
the Van Lake, the use of the ANN is better than ANFIS, so that the AICC
index is less than the best ANFIS for the best ANN model, about 4%.
However, other values of indices also generally outperform the ANN as
compared to ANFIS. The comparison results of the proposed linear
based methodology for Michigan-Huron lake (R2 = 0.9889; RMSE
(m) = 0.0368; MAPE% = 0.0171; RMSRE = 0.00209; NSE = 0.9887;
AICC = −1580.11) with nonlinear models shows the superiority of the
proposed methodology over the existing methods.
The Taylor diagram (Taylor, 2001) is an appropriate tool for evaluating various methods. The values of the coefficient of determination
in the form of the circular radius on its arc, the standard deviation
values of two concentric circles relative to the center of the circle and
the values of RMSE in two concentric circles relative to the reference
point of the hollow circle on the horizontal axis are plotted. The reference point indicates the position of the synoptic station based on the
standard deviation of its time series because the RMSE value and the
coefficient of determination of the time series of the synoptic station
will be zero and one compared to itself, respectively, so its position on
the horizontal axis will be determined based on the standard deviation.
The evaluation method in this diagram is that the position of the data
under investigation based on RMSE, its coefficient of determination
with the synoptic station of each data, and the standard deviation of the

time series on the diagram, which location is closer to the reference
point on the graph, estimates the lake level value with more accuracy.
For the Van Lake level time series, comparing the results of the two
models presented for each of the ANN and ANFIS methods with the
proposed linear based methodology, it can be seen that the distance of
the reference point from the proposed method to the non-linear
method, relative to the observational data points is less likely to be due
to better performance of this method than ANN and ANFIS.
For the Michigan-Huron Lake level time series, the points of the
various models in the ANN and ANFIS methods show no significant
difference, and sometimes these points are on each other, which indicates the insignificance of the difference in models. In fact, increasing
the number of inputs will not have a significant impact on the modeling
results. In this time series, like the Van Lake, the proposed linear based
methodology to the ANN and ANFIS methods is closer to the reference
point for observational data (Fig. 10).
The UA results have been presented in Table 7. This table represents
the number of samples (NS), mean of individual forecasted error
(MIFE), the standard deviation of individual forecasted error (SDIFE),
the width of uncertainty band (WUB) and 95% forecasted error interval
(FEI). It is clear that the proposed linear based methodology technique
for two lakes has performed better than nonlinear methods with less
computed uncertainty.
The positive value of MIFE for all linear and nonlinear models for
both of lakes shown the overestimate performance of these models in
lake level forecasting. The MIFE for the proposed methodology is calculated as 0.03346 and 0.02922 compared to 0.04750 for ANN (4,1,1)
and 0.03381 for ANN (5,1,1) for the Van Lake and the Michigan-Huron

Table 7
Uncertainty analysis for proposed linear based methodology versus nonlinear models.
Lake

Model

NS

MIFE (m)

SDIFE (m)

WUB

95% FEI

Van

ANN (3,1,1)
ANN (4,1,1)
ANFIS (FCM,2,3)
ANFIS (FCM,2,4)
Proposed methodology

144
144
144
144
144

0.04747
0.04750
0.07191
0.06060
0.03346

0.03790
0.03700
0.04973
0.04647
0.02757

± 0.00625
± 0.00610
± 0.00819
± 0.00766
± 0.00455

(0.04123
(0.04140
(0.06372
(0.05295
(0.02892

0.05372)
0.05359)
0.08010)
0.06826)
0.03801)

Michigan-Huron

ANN (3,1,1)
ANN (4,1,1)
ANN (5,1,1)
ANFIS (FCM,2,3)
ANFIS (FCM,2,4)
ANFIS (FCM,2,5)
Proposed methodology

240
240
240
240
240
240
240

0.03535
0.03504
0.03381
0.03647
0.03550
0.03468
0.02922

0.02707
0.02548
0.02454
0.02788
0.02603
0.02504
0.02076

± 0.00344
± 0.00324
± 0.00312
± 0.00355
± 0.00331
± 0.00319
± 0.00264

(0.03191
(0.03180
(0.03069
(0.03292
(0.03219
(0.03150
(0.02658

0.03879)
0.03828)
0.03693)
0.04001)
0.03881)
0.03787)
0.03186)
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Lake (respectively). Moreover, the min value of WUB was calculated for
the proposed methodology at the Van Lake (WUB = ± 0.00455) and
Michigan-Huron (WUB = ± 0.00264). The smallest and the highest
value of WUB are ANN (4,1,1) (WUB = ± 0.00610) and ANFIS
(FCM,2,4) (WUB = ± 0.00766) for the Van Lake and ANFIS (FCM,2,5)
(WUB = ± 0.02504) and ANN (3,1,1) (WUB = ± 0.02707), respectively. The proposed methodology had the lowest MIFE and the smallest
WUB of all the compared methods.

- In the second round of preprocessing, the seasonal and non-seasonal
differencing and simultaneous seasonal and non-seasonal differencing were employed. The use of concurrent seasonal and non-seasonal differencing not only removed the deterministic terms and
stationarized the series, but also lowered the seasonal and nonseasonal differencing to achieve the optimum model.
- The new linear-based method is appropriate for forecasting monthly
Lake water levels. The best models for the Van Lake was obtained
using standardization preprocessing as the first step and the final
model was (1,1,2)(0,1,1)12 (R2 = 0.9951; RMSE (m) = 0.0417;
MAPE% = 0.0019; RMSRE = 0.000025; NSE = 0.995; AICC =
−906.36) while for the Michigan-Huron Lake, the best preprocessing was obtained using spectral analysis and the best model had
performance metrics of (R2 = 0.9889; RMSE (m) = 0.0368; MAPE
% = 0.0171;
RMSRE = 0.00209;
NSE = 0.9887;
AICC =
−1580.11).
- Comparing the proposed linear based methodology for lake level
modeling with the ANN and the ANFIS methods using different relative and absolute statistical indices for the accuracy and complexity of model predictions shows that the proposed methodology
in the current study outperformed the nonlinear based methods
regarding complexity and efficiency. This superior accuracy and
lower uncertainty of the new model predictions compared to the
ANN and ANFIS models were detected for both the Van Lake and the
Michigan-Huron Lake.
- Due to the high performance of the proposed linear based, this approach is recommended for modeling LLTS at other lakes. Moreover,
this methodology is suggested for the other time series forecasting
applications.

5. Conclusions
We presented a novel linear-based model for Lake Level Time Series
(LLTS) forecasting and evaluated the performance of the methodology
using two case studies of the Van Lake, in Turkey and the MichiganHuron Lake, in North America. The LLTS were preprocessed using,
standardization, seasonal standardization, spectral analysis, and seasonal and non-seasonal differencing. The new LLTS modeling technique
presented in this study outperformed two popular nonlinear techniques,
the ANN and the ANFIS, with improved accuracy and lower uncertainty. The main reason for the improved performance of the new
model is due to the appropriate pre-processing by identification of the
deterministic terms and removing them before stochastic modeling. The
main finding of the study are as follows:
- The Fisher's test was poor in detecting the periodicity in the LLTS
while using the spectral analysis of different series was a better
method for identifying the seasonal periodicity.
- We employed the standardization, seasonal standardization, and the
spectral analysis to remove the deterministic terms from the LLTS.
However, none of these methods were able to remove the deterministic terms adequately. Therefore, the first round of preprocessing
was not adequate and a second round was necessary to reach optimum results.
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Appendix A. Hurst coefficient
The Hurst coefficient is defined as follows:
(A1)

HC = Log (R/Sx )/ Log (N /2)
+

S =

R=

max
Smin
(S1,

S+

(A2)

S2, ...,SN )

+ |S | = (Smax

(A3)

Smin )

In the above relationship, Sx is the standard deviation of the data and N is the total number of data,
N
cumulative deviate series as S = i = 1 li l¯ .

max
Smin

is the maximum and the minimum of the

Appendix B. Trend analysis
To test the changes in the hydrological time series, there are many statistical tests that one of the most popular and most widely used tests is the
non-parametric Mann-Kendal test and the Mann-Kendal seasonal test, used to determine the significance of trends of the term (Xu et al., 2003). The
test relationships used to examine the existence of the trend are as follows:

(MK 1) var(MK )
UMK = 0
(MK + 1) var(MK )

0.5

0.5

MK > 0
MK = 0
MK < 0

(A4)

where UMK is the standard of Mann-Kendall statistic, MK is the Man-Kendall statistic, and var(MK) is the variance of MK. The MK and var(MK) are
defined as:
N 1

N

MK =

sgn(l j

li )

(A5)

i=1 j=i+1
g

var(MK ) = (2N 3

7N 2

5N )

Oj (Oj

1)(2Oj + 5) /18

(A6)

j

where l is the lake levels, g is the number of identical groups, Oj is the number of observations at the jth group, sgn is the sign function, and N is the
number of samples.
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Also, the seasonal Mann-Kendall tests are expressed as follows:
Nk 1 Nk 1

Sk =

sgn(lki

lkj )

(A7)

i=1 j=i+1

SMK =

(Sk

sgn(Sk ))

(A8)

k=1
1

var(SMK ) = 2

ij

USMK = MK var(MK )

(2Nk3

+

i=1 j=i+1

7Nk2

5Nk )/18

(A9)

k

(A10)

0.5

where ω is the number of the season in a year and σij is the covariance of statistic test in season i and j. If the probabilities of these tests are higher
than the significant level of 0.05, then time series has no trend.
Appendix C. Jump analysis
The non-parametric Mann-Whitney test is employed to check that the randomly selected values from one sample of time series, are equal or
different from the selected ones from the second sample of it and thus the jump in series is assessed (Mann and Whitney, 1947). The statistic of this
test is computed as follow:
N1

MWU =

(D (Ot )

(m1 (m1 + m2 + 1)/2))/((m1 m2 (m1 + m2 + 1))0.5/12)

(A11)

t=1

In this regard, the Ot is series arranged according to the original series l(t), D(Ot), the degree of function Ot, m1, and m2 are the number of subseries members of the main series that the sum of which is equal to the original series length. If the probability corresponds to the test statistic in the
normal probability distribution, the confidence level is greater than α, the assumption of the same distribution of series is acceptable, and the main
series is jump free.
Appendix D. Period analysis
The recognition of periodic term as an essential part of the time series is of particular importance which is done with different tests. The Fisher
test is used as a method to identify significant periodicities over time. The following equation is used to determine the existence of periodic
components (Kashyap and Rao, 1976):

F = (N (N

2)/4)

2
k
k
z=1

(x (t )

+

z cos(

2
k
zt)

z sin(

z t ))

(A12)

*

where F , N, αz, βz and, Ωz are the Fisher statistic, number of samples, Fourier coefficients and the angular frequency, respectively. The αz, βz and Ωz
are defined as follows
z

z

=

=

2
N

2
N

N

l (t ) cos(2 fz t )

z = 1, 2, ...,k

l (t ) sin(2 fz t )
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(A13)

t=1

N

(A14)

t=1

z
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N
z
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(A15)

z = 1, 2, ...,k

(A16)

where fz is the zth based frequency harmony.
If the F distribution critical value at a significant level (F(2, N−2)) is lower than F* then The Ωz related periodicity will not be significant. In other
words:

F

F (2, N

(A17)

2)

Appendix E. Supplementary data
Supplementary data to this article can be found online at https://doi.org/10.1016/j.jhydrol.2019.01.010.
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