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Considering the three intrinsic components (of autoregressive, seasonality, and error) of streamflow time series, the overall
performance of the streamflow modeling tool is associated with the correct estimation of these components. In this study, a new
hybrid method based on the wavelet transform (WT) as a multiresolution forecasting tool and exponential smoothing (ES)
method, with two presented scenarios (WES1 and WES2), was introduced. To this end, the performance of the proposed method
was investigated versus four conventional methods of the autoregressive integratedmoving average (ARIMA), ES ad-hoc, artificial
neural network (ANN), and wavelet-ANN (WANN) for daily andmonthly streamflowmodeling ofWest Nishnabotna and Trinity
River watersheds with different hydro-geomorphological conditions. In the presentedWES technique, firstly, WT is employed for
decomposing the observed signal to one approximation (deterministic trend) andmore diverse components of subseries (each at a
specific frequency). *en, for the first scenario (WES1), only two subseries are introduced to the model as input parameters;
however, for the second scenario (WES2), decomposed subseries are separately used as the inputs of ES models. *e obtained
results indicated that combining WTwith the ES method and ANN led to more accurate modeling. *e proposed methodology
(WES2) that used all decomposed subseries separately improved the efficiency of models up to 30% and 10% for the daily dataset
and up to 88% and 57% for the monthly dataset, respectively, for the West Nishnabotna and Trinity Rivers.

1. Introduction

Forecasting streamflow has been investigated by several re-
searchers [1–5] as it is a fundamental subject in hydrological
modeling. As a result, many researchers are developing new
models to improve streamflow modeling. For instance, re-
cently, newmodels were developed for streamflow forecasting
by improving artificial intelligence (AI) models [6, 7]. Ac-
curate modeling of the streamflow is a significant step in any
study for a river improvement andmanagement of the related
watershed and includes highly nonlinear and interacting
components that cause complexity. Difficulties in the esti-
mation of each component of the process causing the esti-
mation of the streamflow become notably difficult. As a result,
the black-box models can be more efficient than the physical
base models due to the complexity of streamflow time series

[8–12]. For instance, linear and stationary time series can be
properly modeled by the classic black-box methods by using
seasonal auto-regressive integrated moving average (SAR-
IMA) [13, 14]. But such models (e.g., SARIMA) may not be a
suitable model for hydrological time series that are highly
nonlinear and complex. As an alternative, nonlinear AI-based
methods, especially the artificial neural network (ANN), have
achieved real success in modeling hydrological time series
because of its significant advantages that are as follows [15]:

(i) Being black-box tools, it can be easily used in the
absence of prior knowledge about the physical
concepts of the process

(ii) Having inherent nonlinearity, provided through
activation functions and neurons, it can handle the
nonlinearity of the process
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(iii) Possibility to have different input variables, thus it
can consider time-space variability

Among widely adopted nonlinear models, the used time
series are considered to be merely nonlinear but they may
not be always purely nonlinear [16]. For practical matters, it
is a challenging step to realize whether a time series is
generated from a composition of some linear or nonlinear
processes. So the application of such techniques with the
capability of considering linear and nonlinear properties
sounds a reasonable manner.

Exponential smoothing (ES) contributed to the various
successful modeling techniques (considering linear and
nonlinear methods). It was originally classified by McCor-
mick’s [17] taxonomy, then developed by Gardner [18],
adjusted by Hyndman et al. [19], and again expanded by
Taylor [20] and Gardner [21], which resulted in thirty dif-
ferent models. While the successful applications of the ES
method have been reported widely in the field of financial
studies and business areas, the available literature in the
hydro-environmental applications is really limited. It is
notable that only the linear models of the ES method can be
taken as an example of the ARIMA approach. *e linear
ARIMA model may not be able to handle the nonlinear
behavior of the process; in this case, the use of ESmodels that
consider both linear and nonlinear behaviors of the process
seems to be a reliable alternative. Forecasts produced using
the ES method are weighted averages of past observations,
with the weights decaying exponentially as the observations
get older [22]. Ord et al. [23] and Hyndman et al. [19] have
stressed that all ES models (including nonlinear models)
could lead to optimal forecasts from the innovation of state-
space models. More information can be found in Gardner
[18, 21]. Demand for extensive data samples for developing
nonlinear models is a well-known issue, and the pure linear
ARIMA models may not also be a good choice for handling
the behavior of those processes [24]. *e application of ES
models seems to be a more logical alternative since it is
capable of considering the linear and nonlinear nature of the
datasets [25].

On the contrary, due to the nonstationarity and climate
variability on many time scales (diurnal, subseasonal, sea-
sonal, low-frequency, etc.), the ability of mentioned models
(i.e., ANN, SARIMA, and ES) to forecast highly nonsta-
tionary and seasonal hydrological time series (e.g.,
streamflow) may be restricted due to the multifrequency
nature of the real hydrological process. To handle the
mentioned nonstationary problem, the application of
wavelet-based data preprocessing has been already proposed
and used successfully in hydro-environmental modeling
[26–29]. For example, Jamei et al. [27] developed wavelet-
multigene genetic programming for the simulation of sur-
face water total dissolved solids. Ahmadianfar et al. [26]
developed the locally weighted linear regression with the
wavelet transform (WT) for the prediction of electrical
conductivity in surface water. Ni et al. [29] used a hybrid
wavelet and long short-term memory (LSTM) network for
monthly streamflow and rainfall forecasting and indicated

the superiority of the hybrid model against conventional
LSTM.

In the presence of highly nonstationary and seasonal
variations, data preprocessing methods may be used to get a
better model performance. *e WT is a suitable approach
since it is capable of discerning underlying frequencies and
extracting more information from the large datasets. *us,
the hybrid wavelet-ANN (WANN) model has shown good
performance and is widely applied for hydrological mod-
elings such as rainfall runoff, groundwater, and river flows
[10, 30–32].

*erefore, to the simultaneous use ofWTand ESmethod
capabilities for streamflow modeling as a complex process,
the wavelet-ES (WES) method is to model the river
streamflow. WES1 and WES2 were considered as two ap-
proaches of the WES method. *e aggregated details’ sub-
series and approximation have been used for modeling via
WES1, while the WES2 method employed all subseries as
inputs of the ES method.

*is study is the first investigation into the capability of
the WES technique in streamflow modeling, and therefore,
the purpose of this research is to investigate the capability of
the wavelet-based models (i.e., WES1, WES2, and WANN),
ANN, ES, and SARIMA (as benchmark models) in
streamflow modeling. To this end, datasets from two dif-
ferent watersheds (in terms of geomorphological conditions)
have been used at daily and monthly scales, and the obtained
results were compared together.

2. Study Area and Dataset

In the current research, the data from 2 case studies, West
Nishnabotna River, a subbasin in southwestern Iowa, and
Trinity River, a subbasin in California, United States, were
adopted for implementing the presented techniques (see
Figure 1).

*e used streamflow time series were obtained from the
USGS (https://waterwatch.usgs.gov/). *e streamflow time
series data of 35 years from 1981 to 2015 were employed in
the modeling process, with 75% divided as the training
dataset and the rest 25% considered as the test dataset.
Table 1 presents the statistical characteristics of streamflow
data of watersheds (e.g., mean, maximum, coefficient of
variation, etc.).

Trinity River is one of the important tributary of the
Klamath River which flows through the Coast Ranges and
Klamath Mountains (in northwestern California) and lo-
cated at 41° 11′ 5″ North latitude and 123°42′ 31″ West
longitude. *e area of the watershed is about 7800 km2

(Figure 1(a)). *e altitude of the river fluctuates between
58m and 2709m above sea level and contains oak, fir, and
pine forests (about 92%).

*e West Nishnabotna River is one of the two streams
of the Nishnabotna River that rises in southwestern Carroll
County, flows about 190 km long and located at 40° 34′ 00″
North latitude and 95°39′ 51″West longitude (Figure 1(b)).
*e watershed area is approximately 7600 km2 with the
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field land cover. Broad and open valleys with rolling up-
lands form the topography of the Nishnabotna River
watershed.

*e studied watersheds are located at a distance of about
1460 km from each other and have different geomorpho-
logical conditions. As shown in Table 1, it is clear that the
Trinity River has a greater mean monthly streamflow than
that of the West Nishnabotna River. *e Trinity River
Watershed consists of mixed conifer and evergreen brush at
the lower elevations with true fir and lodgepole pine at the
higher elevation. It consists of 76 percent mixed conifer, 10
percent shrub, 6 percent mixed fir, 5 percent nonforested,
and 3 percent hardwoods (Upper Trinity River Watershed

Analysis, USFS, 2005). In contrast to the forest land cover of
the Trinity River Watershed, the West Nishnabotna River
Watershed is characterized by its field land cover within only
10 percent forest or grassland [33].

*e stated autocorrelation function (ACF) shows the
seasonal frequency and autoregressive properties of water-
sheds’ time series (see Figure 2). It indicated a more regular
pattern for the Trinity River since the denser land cover
contributes to the regular pattern of the flow regime.

Additionally, considering the statistical characteristics of
the watersheds reported in Table 1, the coefficient of vari-
ation for the West Nishnabotna River Watershed is higher
than that for the Trinity River Watershed which denotes the
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Figure 1: Rivers and stations of (a) Trinity and (b) West Nishnabotna.
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fact that the West Nishnabotna River Watershed can be
considered as a wild watershed in regards with Trinity River
Watershed. It can be inferred that the West Nishnabotna
RiverWatershed experiences a more irregular and nonlinear
pattern in its involved hydro-environmental processes
rather than well-dominated seasonal weather.*erefore, it is
expected that the modeling results for the Trinity River
Watershed will be better than the Nishnabotna River. *e
reported results of this study confirm this claim (see Section
4).

3. Methodology

3.1.WaveletTransform. *e continuous form ofWT (W) for
x (t) is shown as follows [34]:

W(m · n) �
1
��
m

√ 
+∞

− ∞
M
∗ t − n

m
 x(t) · dt, (1)

where n stands for the temporal translation of the function
that helps to study the signal around n, m indicates the
dilation and ∗ corresponds to the complex conjugate, andM
(t) denotes themother wavelet (wavelet function). Localizing
the time scale of the process is the core objective of this
transformation. For pragmatic cases, discrete-time signal
approaches are more preferred by hydrologists in com-
parison with continuous one. A discrete mother wavelet can
be expressed as follows [34]:

Ma,b(t) �
1
���
m

a
0

 M
t − bn0m

a
0

m
a
0

 , (2)

Table 1: Time series descriptive statistics.

Scale Time series Parameter

Watershed

Trinity River West Nishnabotna
River

Train Test Train Test

Daily Streamflow (m3/s)

Mean 145.72 109.02 21.02 28.39
Maximum 2860.00 1475.31 730.57 654.12
Minimum 12.26 14.33 1.30 2.63

Standard deviation 214.83 118.60 31.76 36.30
Coefficient of variation (dimensionless) 1.47 1.09 1.51 1.28

Sample size 9375 3126 11160 3721

Monthly Streamflow (m3/s)

Mean 4454.33 3326.40 641.53 859.65
Maximum 28299.86 12895.78 5580.12 5105.81
Minimum 377.94 232.76 56.86 123.07

Standard deviation 5079.00 2932.42 657.64 829.08
Coefficient of variation (dimensionless) 1.14 0.88 1.03 0.96

Sample size 305 102 363 122
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Figure 2: Time series ACF plots for (a, c) Trinity and (b, d) West Nishnabotna.
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where a as an integer plays a regulatory role for the wavelet
dilation and b as another integer denotes the wavelet
translation.*e location is specified by the parameter n0 that
is a positive value, and the fined dilation step is represented
by parameter m0 that is a positive score higher than one.
n0 � 1 and m0 � 2 are widely chosen scores.*is logarithmic
scaling for dilation and translation is known as dyadic grid
arrangement, and the dyadic wavelet function is specified as
follows [34]:

Ma,b(t) � 2− (a/2)
× M 2− a

t − b(  �
1
��
2a

√ M
t − 2a

b

2a . (3)

*e dyadic WT for xt as a discrete-time series becomes
[34]

Ta,b �
1
��
2a

√ 

L− 1

t�0
M

1
2a t − b xt, (4)

where Ta,b stands for the discrete wavelet coefficient based
on the scale m � 2a and localization parameter
n � 2ab(t � 0, 1, 2, . . . , L − 1 and L is an integer power of
2: L � 2A). *e overall trend of the signal (indicated by the
smoothed part of the signal) is indicated by T. *e formula
for renovating the time series xt by the inverse discrete
transform is [34]

xt � T(t) + 
A

a�1
Ta,b(t), (5)

where T(t) is termed as the approximation series at level A.
Also, Ta,b(t) indicates the detail series with decomposition
level a (a � 1, 2, . . . , A) and time dimension t
(t � 1, 2, . . . , b).

3.2. Autoregressive Integrated Moving Average. As the
benchmark model, ARIMA and seasonal ARIMA (SAR-
IMA)models were examined for the streamflowmodeling of
watersheds, in order to compare the results of linear and
nonlinear models.

SARIMA models have been employed to analyze and
forecast univariate hydro-environmental time-series data
[10]. *e SARIMAmodel is a developed form of the ARIMA
model, which reflects the seasonal variation of the time
series, and the original time series − Yt− employs a lag
operator B to process SARIMA (p, d, q)(P, D, Q )[S]. *e
SARIMA model can be formulated as follows [35]:

φp(B)ΦP B
S

 
d
1 − B

S
 

D
Yt � θq(B)ΘQ B

S
 εt. (6)

In equation (6), B is the lag operator (defined as
BkYt � Yt− k); φ(B) and θ(B) are polynomials of orders p and
q, respectively, ΦP(BS) and ΘQ(Bs) are polynomials in B of
degrees P and Q, respectively, p and d denote the order of
nonseasonal auto-regression and the number of regular dif-
ferences, q indicates the order of nonseasonal moving average,
P, D, and Q show the order of seasonal auto-regression, the
number of seasonal differences, and the order of seasonal
moving average, respectively, and finally, S stands for the length
of the season. *us, for the ARIMA model, it means that the

seasonality parameters (P, D, andQ) are considered to be equal
to zero.

In this paper, the ARIMA and SARIMA models were
applied for streamflow forecasting using the R software
program. ARIMA and SARIMAmodels were first trained via
the training dataset and then verified using the validation set.

3.3. Artificial Neural Network. ANN models are frequently
utilized in dynamic nonlinear datasets’ modeling and
achieve accurate results, particularly for complex hydro-
logical phenomena in which the physics of problem’s var-
iables are not entirely comprehended. In other words, ANNs
are suitable for modeling the data-driven nature time series.
An ANN is a composition of a set of neurons (or nodes, i.e.,
interconnected simple processing elements) with an at-
tractive set of information processing characteristics such as
nonlinearity, parallelism, noise tolerance, and learning and
generalization capabilities.

Between the ANNs, the Feedforward Backpropagation
(FFBP) Neural Network is the most common method uti-
lized in solving different engineering problems [30, 36]. *e
term ‘‘Feed-Forward’’ means that a neuron in the input layer
is only connected to other neurons in the hidden layer and
neurons in the hidden layer are connected to neurons in the
output layer. So there are no interconnections within each
layer’s neurons.

An output value’s explicit expression form of a three-
layered FFBP neural network is specified by [37]

yk � f0 

MN

j�1
wkj · fh 

NN

i�1
wjixi + wjo

⎛⎝ ⎞⎠ + wko
⎡⎢⎢⎣ ⎤⎥⎥⎦, (7)

where f0 denotes the activation function for the output
neuron, wkj is a weight vector in the output layer connecting
the kth neuron in the output layer and the jth neuron in the
hidden layer, fh indicates the activation function of the
hidden neuron, wji is the weights applied in the hidden layer
connecting the jth node in the hidden layer and the ith node
in the input layer, xi is the ith input variable for the input
layer,wjo is the bias for the jth hidden neuron,wko is the bias
for the kth output neuron, and yk is the computed output
variable. Finally, MN and NN are the number of nodes in the
input and hidden layers, respectively. It should be noted that
the data are normalized to become between 0 and 1 before
feeding into the network.

Also, it is notable that, in this study for modeling
streamflow via ANN tool, the MATLAB® software and its
nntool were used.

3.4. Exponential Smoothing. ES is a practical approach for
forecasting whereby the prediction is based on an expo-
nentially weighted average of past observation [38]. Hence,
by adopting the ES state-space technique, better results
could be expected from the models developed for the
datasets which pose nonstationary or nonlinear behavior
[39].

Table 2 denotes the ES different models. For example,
consider the cell (A, A) and cell (A, M) as an example; they
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represent the “additive Holt-Winters” and the “multipli-
cative Holt-Winters” model, respectively. According to the
literature, the Holt-Winters (HW) model which has easier
formulation and simultaneously handles the autoregressive
and seasonal components of time series, among different
forms of ES approach, is a commonly applied model [18, 40].
*ere are two possible state-space models for each of the
fifteen models in Table 2, one for a model with additive
errors and the other corresponding to the model with
multiplicative errors. In our work, the additive and multi-
plicative errors have been applied for streamflow simulation,
and thirty class of ES models (15) × (2) have been used, and
the most reliable results have been presented in the Results
and Discussion section.

*e (E, T, S) states the components of error, trend, and
seasonality [39]. *erefore, e.g., the ETS (M, M, N) repre-
sents a model with multiplicative errors and a multiplicative
trend with no seasonality. It should be mentioned that
additive or multiplicative determines linear or nonlinear
attitude.

*e equations of the HW model can be expressed as
follows (equations (8)–(17)), and readers can find more
details about other classes of ES on Hyndman and Khan-
dakar [39].

*e HW approach includes trend and seasonal (St)
factors with α, β, and c as smoothing parameters where the
trend factor formed from growth (Bt) and level (Lt) terms.
*e additive HW model is as follows [22]:

Bt � β Lt − Lt− 1(  +(1 − β)Bt− 1, (8)

Lt � α xt − St− c(  +(1 − α) Lt− 1 + Bt− 1( , (9)

St � c xt − Lt− 1 − Bt− 1(  +(1 − c)S(t − c), (10)

and the multiplicative HW model can be defined as follows
[41]:

Lt � α
xt

St− c

  +(1 − α) Lt− 1 + Bt− 1( , (11)

Bt � β Lt − Lt− 1(  +(1 − β)Bt− 1, (12)

St � c
xt

Lt− 1 − Bt− 1
  +(1 − c)St− c. (13)

As already stated, α, β, and c denote the smoothing
parameters and, respectively, are affected by level, slope, and
seasonality (0< α, β, c< 1). *e parameters α, β, and c are
calculated by applicable error functions such as root mean
square error (RMSE). For obtaining the seed values, the
following formula can be used [41]:

L0 � x0, (14)

B0 �
1
c



c

i�1

xc+i − xi

c
 , (15)

Si �
1
N



N

j�1

xc(j− 1)+i

Aj

, ∀i � 1, 2, . . . , c, (16)

since

Aj �
1
c



c

i�1
xc(j− 1)+i, ∀j � 1, 2, . . . , N, (17)

where Aj states the mean value of
x in the jth cycle of data, N states the cycles number, and C
states the length of the seasonal cycle.

Also, in this study for modeling streamflow via the ES
method, the R software was used. To this end, the “ETS”
function from the “forecast” package was used. *e “ETS”
function tests all possible ES models (see Table 2) and selects
the best model by optimizing parameters based on the mean
square error (MSE) criterion [39].

3.5. ProposedMethodology. To use the advantages of ES and
WT methods at the same time, the hybrid WES model is
adopted in the presented study. As a temporal preprocessor,
the WT is employed for detecting and extracting the existed
seasonality and temporal features in the streamflow time
series. *e WT decomposes the observed streamflow time
series (Q(t)) into an approximation subseries Q(t)a and i

detail subseries, Q(t)d1
, . . . , Q(t)di

, where i states the de-
composition level, and each subseries implies an individual
level of seasonality. Using theWTtool, the resulted subseries
are fed into the univariate ES method. According to the
univariate nature of the ES method, two scenarios were
designed to use the WT resulted subseries. Since the WT
decomposes the time series into two components, an ap-
proximation subseries and fluctuation subseries (which
include several subseries representing the seasonal periods),
the designed scenarios must consider both components
separately. Hence, two scenarios were designed to model the
approximation and fluctuation components separately, with
the difference that the WES1 models the approximate
subseries and aggregated fluctuation subseries (two ES
models) but WES2 models the approximate subseries and all
fluctuation subseries individually (i+1 ES models).

*e developed models of WES1 and WES2 are stated
below.

*e outline of the WES1 is described in three steps as
follows (Figure 3(a)):

Table 2: *e different types of ES Models [39].

Trend component
Seasonal component

N
(none)

A
(additive)

M
(multiplicative)

N None N, N N, A N, M
A Additive A, N A, A A, M
A Additive damped Ad, N Ad, A Ad, M
M Multiplicative M, N M, A M, M

M Multiplicative
damped Md, N Md, A Md, M
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(i) *e fluctuation series (Q(t)f) is computed through
Q(t)f � Q(t) − Q(t)a

(ii) Employing two distinct ES models, both of ap-
proximation (Q(t)a) and fluctuation series (Q(t)f)

are modeled individually; consequently, both of
Q(t)a and ( Q(t)f) are obtained as computed series

(iii) In the end, the overall computed streamflow (Q(t))
is achieved by Q(t) � Q(t)a + Q(t)f

*e outline of the WES2 is described in two steps as
follows (Figure 3(b)):

(i) All of the resulted subseries are modeled individually
by employing i + 1, ES models (ES1,ES2, . . . ,ESi+1).
Consequently, the computed approximation series
( Q(t)a) and detail series ( Q(t)d1,

Q, . . . , Q(t)di) are
obtained.

(ii) In the end, the computed streamflow time series
Q(t) is obtained using Q(t) � Q(t)a + Q(t)d1

+
Q(t)d2

+ · · · + Q(t)di
.

As it can be seen in Figure 3, the major contrast between
the twoWES1 andWES2 models is the number of utilized ES

Qd2 (t)

Qa (t)

Qd1 (t)

Qdi (t)

Wavelet
decomposition

Q (t)

Approximation

Details Qf

ES1

ES2

+

+

Wavelet transform Exponential smoothingInput Output

Qt+1

(a)

Qd2 (t)

Qa (t)

Qd1 (t)

Qdi (t)

Wavelet
decomposition

Q (t)

Wavelet transform Exponential smoothing

Approximation

Details

Input Output

ES1

ES2

ES3

ESi+1

+ Qt+1

(b)

Figure 3: Structure of the proposed methods. (a) WES1. (b) WES2.
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models. *e WES1 uses two ES models for predicting the
streamflow but the WES2 uses i + 1 models. In other words,
WES1 uses the Q(t)a and Q(t)f as the inputs, while the
inputs of WES2 are Q(t)a, Q(t)d1

, Q(t)d2
. . . and Q(t)di

subseries.

3.6. Efficiency Criteria. In this study, RMSE and
Nash–Sutcliffe (NSE) were used as efficiency criteria. *e
RMSE (equation (18)) and Nash–Sutcliffe (equation (19)) are
broadly employed as evaluating criteria of the efficiency
performance of hydrological models [42]:

RMSE �

�������������


N
i�1 Oi − Ci( 

2

N



, (18)

NSE � 1 −


N
i�1 Oi − Ci( 

2


N
i�1 Oi − O( 

2. (19)

In equations (18) and (19), N, Oi, Ci, and O, respectively,
indicate the number of samples, observed values, calculated
values, and average of the observed values. Legates and
McCabe [43] revealed that RMSE and NSE can evaluate the
performance of the hydro-environmental models appro-
priately. Furthermore, considering the importance of peak
values in modeling as well, equation (20) may be employed
to assess the performance of the model in terms of capturing
the extreme values [42]:

NSEpeak � 1 −


Np

i�1 Opi − Cpi 
2


Np

i�1 Opi − Op 
2, (20)

where NSEpeak indicates the Nash–Sutcliffe criterion of peak
values, Np stands for the number of peak values, Opi

in-
dicates the observations, and Cpi

and Op are computed and
average of peak values, respectively.

4. Results and Discussion

In this research, the ES, ARIMA, ANN, and WANN as
benchmark models were developed beside the WES method
(with two considered scenarios) to one-time step ahead
modeling of daily and monthly streamflow time series (see
Figure 4). In the following, the results of the WES method
are presented and discussed; then, a comparison with
benchmark models is performed.

For each daily data and monthly data, the resolution
levels of 2 to 8 and 2 to 5 were adopted, respectively. In early
studies, the optimum decomposition level was usually de-
termined through a trial-and-error process, but afterward, a
formula which relates the minimum level of decomposition,
L, to the number of data points within the time series Ns was
introduced in the literature [30]:

L � int log Ns . (21)

So, in this study, the initial point of view to select of the
decomposition level was taken from L but since many
seasonal characteristics may be embedded in hydrological
signals, 2–8 resolution levels (L ± x) for the daily and 2–5

resolution levels (L ± x) for the monthly modeling were
examined via the proposedWANN andWES models which,
respectively, denote to the 22-day mode and 23-day mode
(which is nearly weekly mode), 24-day mode (which is nearly
semimonthly mode), 25-day mode (which is nearly monthly
mode), 26-day mode, 27-day mode (which is nearly semi-
yearly mode), and 28-day mode (which is nearly yearly
mode) in the daily scale and 22-month mode, 23-month, 24-
month, and 25-month mode in the monthly scale. Besides,
the Daubechies 4 wavelet (db4) that has been frequently
assessed in hydrological modeling was considered as the
mother wavelet in this study. Based on the literature, in
contrast to the importance of the decomposition level, the
type of the mother wavelet poses a minor effect since the
model can adjust the output [30]. Finally, by applying the
models (ES and ANN) to the inputs obtained by wavelet
decomposition, the output of hybrid models (WES and
WANN) as Q(t + 1) can be computed. It should be men-
tioned that, for the daily and monthly scale, the 4th de-
composition level offered better results. *us, the outcomes
of the 4th level are presented in the tables.

To increase the model efficiency regarding the multi-
frequency feature of the WT, the preprocessed data by WT
were introduced to the ES method (with thirty types of
models).*e results ofWES1 andWES2 modeling scenarios
were, respectively, presented in Tables 3 and 4 . It is obvious
that, for both watersheds, the second scenario (WES2)
offers more precise results in comparison with the first
scenario (WES1) because the WES2 uses all resulted sub-
series by WT as inputs but in modeling by WES1, by ag-
gregating the details’ subseries and using only two inputs
(approximation and fluctuation subseries), the effect of WT
becomes weaker.

A noticeable point about the ES method parameters in
Tables 3 and 4 (also in Table 5) is the values of the α as level
(trend), β as the slope (trend growth), c as seasonal, and φ as
damping factors (0< α, β, c,φ< 1). *e level index (α) gives
an estimate of the local mean, the slope index (β) denotes the
change between successive time points, the seasonality index
(c) estimates the deviation from the local mean due to
seasonality, and finally, the damping index (φ) is related to
the stationary state of the time series, meaning that if the
time series do not converge to a stable value as t increases
limitlessly, the time series is nonstationary and φ should get a
high value (near 1). In other words, a small value of φmeans
that older observations in the time series are weighted
markedly but values near 1 mean that the latest observations
will get higher weights [25].

As aforementioned, c parameter indicates the seasonal
component of the time series. However, the WT already
extracted the seasonal component (as detail subseries), and
the resulted subseries by WT do not have extractable sea-
sonal components. *erefore, as can be seen in Tables 3 and
4, the value of the c parameter is zero or very low (especially
in daily models and the approximation component in
monthly models). But the approximation subseries indicates
the major trend of the original time series, so the α and β
parameters of its ES model take their highest value (very
close to 1).
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*emost efficient ES models of the two first levels of the
resulted subseries (by WT) express the high-frequency
seasonal characteristics with an insignificant trend element,
so contains no β and a lower α score (see Table 4) so that
modeling the first and second detail subseries within notable
variations was considered a challenging step.

As the benchmark models, ANN,WANN, SARIMA, and
ES were also examined for the streamflow modeling of the
watersheds.

To develop the model with the ANN, up to n lag times
(Qt, Qt − 1, ..., Qt − n) of past observations were considered as
possible inputs of ANN to forecast the Qt+ 1. Due to the
selection of best inputs to modeling via AI-based models
(multivariate models), the Pearson correlation coefficient
(CC) and mutual information (MI) were used [44], and
according to the efficiency criteria (RMSE and NSE), only
the best results were reported in Table 6. Since the proper
selection of input parameters and the network structure (i.e.,

Observations

Inputs

Target

Wavelet
transform

WES1

SARIMA

ES

WANN

WES2

ANN

Output of SARIMA

Output of ANN

Output of WANN

Output of WES2

Output of ES

Output of WES1

Compare

Results

Preprocessing

Forecasting 

Figure 4: Research methodology flowchart.

Table 3: Performance results of the WES1 method.

Watersheds Type of
ES Inputs

Structures NSE RMSE (m3/s) NSEpeak
α β c ϕ Train Test Train Test Test

Daily

Trinity River
(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9634 0.873 0.866 41.467 73.484 0.804

(A, N, N) Details 0.9999 — — —

West Nishnabotna
River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9635 0.655 0.645 21.365 21.636 0.538

(A, N, N) Details 0.5953 — — —

Monthly

Trinity River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9539

0.551 0.542 2237.014 2630.001 0.264(A, Ad,
A) Details 0.7654 0.0001 0.0001 0.9428

West Nishnabotna
River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9558 0.493 0.471 463.48 603.564 0.399

(A, N, A) Details 0.0001 — 0.0001 —
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Table 4: Performance results of the WES2 method.

Watersheds Type of
ES Inputs

Structures NSE RMSE (m3/s) NSEpeak
α β c ϕ Train Test Train Test Test

Daily

Trinity River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9634

0.926 0.912 35.102 52.402 0.892

(A, N, N) Detail 1 0.0001 — — —
(A, N, N) Detail 2 0.0001 — — —
(A, Ad,
N) Detail 3 0.9020 0.9250 — 0.8002

(A, Ad,
N) Detail 4 0.9999 0.9999 — 0.8743

West Nishnabotna
River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9088

0.841 0.822 15.517 15.797 0.808

(A, N, N) Detail 1 0.0001 — — —
(A, N, N) Detail 2 0.0001 — — —
(A, Ad,
N) Detail 3 0.9999 0.9999 — 0.8649

(A, Ad,
N) Detail 4 0.9999 0.9999 — 0.8778

Monthly

Trinity River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9539

0.831 0.79 1581.341 1977.409 0.836
(A, N, A) Detail 1 0.0001 — 0.0001 —
(A, N, A) Detail 2 0.0001 — 0.1701 —
(A, N, A) Detail 3 0.9999 — 0.0001 —
(A, Ad,
N) Detail 4 0.9999 0.9999 — 0.8693

West Nishnabotna
River

(A, Ad,
N) Approximation 0.9999 0.9999 — 0.9558

0.756 0.735 358.957 501.186 0.629
(A, N, A) Detail 1 0.0001 — 0.0001 —
(A, N, A) Detail 2 0.0001 — 0.0001 —
(A, N, A) Detail 3 0.9999 — 0.0001 —
(A, Ad,
N) Detail 4 0.9999 0.9999 — 0.8656

Table 5: Performance results of the ES method.

Watersheds Type of ES
Structure NSE RMSE (m3/s) NSEpeak

Alpha Beta Gamma Phi Train Test Train Test Test

Daily Trinity River (M, N, N) 0.9999 — — — 0.871 0.862 39.108 70.049 0.808
West Nishnabotna River (M, N, N) 0.6322 — — — 0.677 0.642 19.856 19.914 0.571

Monthly Trinity River (M, M, M) 0.2676 0.0001 0.1243 — 0.596 0.582 2147.33 2545.478 0.342
West Nishnabotna River (M, A, M) 0.5337 0.0016 0.0001 — 0.526 0.509 481.016 522.556 0.36

Table 6: Performance results of AI-based models.

Watersheds Model Inputs Best
structures

No. of
hidden
neurons

Epoch
NSE RMSE (m3/s) NSEpeak

Training Test Training Test Test

Daily

Trinity River

ANN Q (t), Q (t− 1),
Q (t− 2) 3-4-1 4 20 0.852 0.845 39.938 72.981 0.791

WANN
Qa (t), Qd2 (t),
Qa (t− 1), Qd4

(t− 1)
4-7-1 7 30 0.932 0.921 30.471 51.305 0.905

West
Nishnabotna

River

ANN Q (t), Q (t− 1),
Q (t− 2) 3-9-1 9 90 0.689 0.658 19.407 19.807 0.569

WANN
Qa (t), Qd1 (t),
Qa (t− 1), Qd1

(t− 1)
4-9-1 9 40 0.823 0.812 17.022 17.326 0.765
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number of layers, activation function, epoch number, and
hidden neurons) deeply influence the AI-based model,
problems such as underfitting and overfitting can be avoided
by suitable selection of the network structure. *e Lev-
enberg–Marquardt backpropagation algorithm was utilized
to train the network. To this end, tangent sigmoid has been
used as the activation functions, and up to quadruple of the
inputs were considered as the hidden neurons, and up to 500
were examined as iteration epochs’ number [37]. *e most
efficient ANNs’ outcomes are stated in Table 6.

*e ability of WT in the multiresolution analysis could
be used in dealing with seasonal patterns. Since the com-
bination of WT and ANN methods reinforce the capability
of the model in dealing with seasonality, in this study, for
daily and monthly modeling, the WANN method was uti-
lized. So, by using the feature selection methods (CC and
MI) to select inputs and constructing the networks, Q (t+ 1)
can be predicted. *e tabulated results in Table 6 show the
efficient performance of WANN.

For both watersheds, ARIMA and SARIMA performed
better, respectively, for daily and monthly scales (see Ta-
ble 7). However, at monthly modeling for the low NSE value
(<0.5), the considered models could not make a good fit on
the streamflow and thus are not reliable models. *e
streamflow time series intrinsic nonlinear nature and its
multifrequency seasonality patterns may be the reason for
the lack of accuracy in modeling by linear and unifrequency
analysis (SARIMA).

*e performance results of the ES method are stated in
Table 5. As can be seen, for all of the case studies, the ES
model offered better outcomes in comparison to the ARIMA
and SARIMA. But regarding the low value of NSE (≈0.5) in
monthly modeling, this model did not present a good ca-
pability to model the streamflow of these rivers. *e

multifrequency nature of the signal may be the reason for the
resulted deficiency.

*e hybrid WES2 model performed better than other
single models up to 30% and 10% (daily scale) and up to 88%
and 57% (monthly scale) for the West Nishnabotna and
Trinity, respectively. Especially, WES2 was more efficient in
the face of the peak values for both watersheds (Figures 5–8
).

*e WANN and the WES2 are the potential methods to
deal with autoregressive features and seasonality fluctua-
tions, which are widely seen components at both daily and
monthly streamflow time series (see Figure 2). Hence, the
WANN and WES2 offered more reliable results in com-
parison with other methods such as the ARIMA (an ap-
proach that is capable of handling with the autoregressive
only), the ES and SARIMA (uni-frequency analysis tools),
and the WES1 model (the detail subseries are aggregated,
and two inputs are introduced to the model with a lower
impact of WT), that is, because the WTmethod is capable of
handling complicated streamflow processes due to its po-
tential in the multiresolution analysis. Figures 5–8 depict
this superiority for both watersheds at both scales. In other
words, it means introducing of all the resulted subseries
from decomposing the main signal using WT, as the inputs
would increase the efficiency of the model since each sub-
series would represent a specific seasonal scale and the
various seasonality characteristics would be covered in the
model. As the seasonality features become more highlighted
and common at the monthly scale, this process becomes
more sensitive [25].

*e computational cost for WANN was more than that
of the WES2 model because ANN has more parameters than
the ES model (e.g., input numbers, weights, biases, hidden
neurons number, and transfer functions’ type), while the

Table 7: Performance results of ARIMA and SARIMA models.

Watersheds Model Structures
NSE RMSE (m3/s) NSEpeak

Train Test Train Test Test

Daily Trinity River ARIMA ARIMA (5, 0, 3) 0.849 0.835 41.868 74.696 0.783
West Nishnabotna River ARIMA ARIMA (3, 1, 2) 0.623 0.621 21.5 21.914 0.545

Monthly Trinity River SARIMA SARIMA (2, 0, 1) (2, 0, 0) [12] 0.517 0.502 2594.93 2855.697 0.02
West Nishnabotna River SARIMA SARIMA (2, 0, 1) (0, 0, 2) [12] 0.431 0.391 496.18 646.966 0.197

Table 6: Continued.

Watersheds Model Inputs Best
structures

No. of
hidden
neurons

Epoch
NSE RMSE (m3/s) NSEpeak

Training Test Training Test Test

Monthly

Trinity River

ANN Q (t), Q (t− 12) 2-5-1 5 20 0.611 0.601 2123.189 2401.262 0.679

WANN
Qa (t), Qd3 (t),
Qa (t− 1), Qd4

(t− 1)
4-4-1 4 10 0.85 0.822 1381.341 1877.409 0.851

West
Nishnabotna

River
ANN Q (t), Q (t− 12) 2-7-1 7 100 0.578 0.545 470.929 517.635 0.559

WANN
Qa (t), Qd4 (t),
Qa (t− 1), Qd3

(t− 1)
4-8-1 8 10 0.779 0.764 258.957 411.186 0.761
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performance of the WANN and WES2 model was more or
less in the same range; ES models offered more reliable
results compared to ARIMA and SARIMA due to the
comprising linear and nonlinear kernels and their capability
in analyzing time series regarding the primary factors of time
series (trend, seasonality, and error).

*e daily ARIMA model led to reliable results (because
of the autoregressive characteristic of streamflow daily time
series, see Table 7); however, for the monthly time series, the
SARIMA model could not gain acceptable results (see Ta-
ble 7), that is, maybe because of the existence of the mul-
tifrequency pattern of the streamflow monthly time series.

For a more comprehensive presentation of the perfor-
mance of the WES2 model in streamflow modeling, a Taylor
diagram (Figure 9) was developed by considering the CC,
standard deviation, and RMSE between the observed and
computed streamflow time series. In the Taylor diagram, the
standard deviation of the pattern is proportional to the radial
measured from the origin, the correlation between the two
fields is given by the azimuthal position of the test field, and
the centered RMSE value is proportional to the distance
between the actual and the estimated fields with the same
units as the standard deviation [45]. When the predicted
value is closer to the observed value in the matter of CC and

standard deviation, one can expect more accurate prediction
results. *e value of the RMSE decreases with an increase in
correlation. From the result shown in Figure 9, it can be
clearly seen that the WES2 and WANN models demon-
strated higher capability than the other used models for the
streamflow modeling in terms of RMSE and pattern cor-
relation (also standard deviation).

It can be concluded that, while for the time series in the
monthly scale of the watershed, the WANN, WES2, ANN,
ES, WES1, and SARIMA presented a more reliable perfor-
mance; WES2, WANN, ANN, ES, WES1, and ARIMA
models led to more acceptable outcomes in the daily scale,
respectively.

From the aspect of spatial assessment, the studied wa-
tersheds’ land covers have different conditions. As stated in
Tables 3–7, it is obvious that, by employing various time
scales, West Nishnabotna River efficiency’s increase was
more than Trinity River. Also, for all modeling procedures,
the Trinity River got more reliable outcomes because the
Trinity River Watershed has a more dense land cover
(covered by forests and is not much affected by anthropo-
genic influences), and its reaction to rainstorm (or pre-
cipitation) is not so complex (nonlinear) as much as West
Nishnabotna. Add to that, as it is clear in Figure 2, the Trinity
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River posed a more powerful “autoregressive characteristic”
than the West Nishnabotna River. In fact, time-series within
moderate “autoregressive characteristic” show relatively
weaker performance in the modeling process. However, it

should be mentioned that WT contributes to the more
enhancement of performance for the cases that have a
moderate autoregressive. So, in this study, WT led to the
enhancement of efficiency for West Nishnabotna River
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streamflow modeling, which was more than that for the
Trinity River.

*e hydrological processes such as streamflow include
several lumped and physical-based parameters, and it will be
quite impossible to perform exact estimation of each pa-
rameter of the process. As a result, the black-box modeling
can be more effective than the fully distributed models
because of complex unknown and abstruse factors involved
in streamflow nature. *e black-box modeling (such as the
present modeling) is case sensitive, and although the same
methodology can be applied to other cases, the results and
calibrated parameters cannot be similarly used for other
cases. However, as presented in this study by applying to two
different cases, it will be possible to apply the presented
methodology to other watersheds by calibrating the pa-
rameters of the models. Although it seems the proposed
methodology may include a high degree of freedom (the ES

parameters selection, mother wavelet selection, level of
decomposition, etc.), no need to calibrate all because some of
them (e.g., wavelet type, mother wavelet type, and decom-
position level) may be determined by prior knowledge
(according to the physics of the process) or by referring to
the literature [30].

Regarding the amount of data for streamflow modeling,
this can be seen from two different aspects: diversity of
datasets (having data from several cases and watersheds) and
the length of the data itself (for each case). Referring to the
aim of this study (which is to introduce a newly proposed
methodology in streamflow modeling), it is revealed that at
least one case study is needed to verify the applicability of the
proposed model, and then, others may apply to other cases.
In this way, the methodology was applied on two distinct
case studies to see the performance and validity of the
proposed model at different conditions. In spite of the

0.06

0.05

0.04

0.03

0.02

0.01

0.00

St
an

da
rd

 d
ev

ia
tio

n 
(n

or
m

al
iz

ed
)

Standard deviation (normalized)
0.00 0.01 0.02 0.03 0.04 0.05 0.06

0.06

0.04

0.02

ARIMA
WES1

ANN

WES2WANN

ES

0.1 0.2 0.3
0.4

0.5
0.6

0.7

0.8

0.9

0.95

0.99

Observed

Correlation

(a)

Standard deviation (normalized)

St
an

da
rd

 d
ev

ia
tio

n 
(n

or
m

al
iz

ed
)

0.1 0.2 0.3
0.4

0.5
0.6

0.7

0.8

0.9

0.95

0.99

0.06

0.04

0.02

0.00

0.06

0.04

0.02

ARIMA WES1

ANN WES2WANN

ES

Observed

0.00 0.02 0.04 0.06

Correlation

(b)

Standard deviation (normalized)

St
an

da
rd

 d
ev

ia
tio

n 
(n

or
m

al
iz

ed
)

0.1

0.1

0.2 0.3
0.4

0.5
0.6

0.7

0.8

0.9

0.95

0.99

0.15

0.05

0.15

0.10

0.05

0.00
0.00 0.05 0.10 0.15

ARIMA

WES1

ANN

WES2

WANN

ES

Observed

Correlation

(c)

Standard deviation (normalized)

St
an

da
rd

 d
ev

ia
tio

n 
(n

or
m

al
iz

ed
)

0.1 0.2 0.3
0.4

0.5
0.6

0.7

0.8

0.9

0.95

0.99

ARIMA WES1

ANN

WES2

WANNES

Observed

0.00 0.05 0.10 0.15 0.20

0.20

0.15

0.10

0.05

0.00

0.2

0.15

0.1

0.05

Correlation

(d)

Figure 9: Taylor diagrams of the streamflowmodels. (a) Daily streamflow of Trinity. (b) Daily streamflow ofWest Nishnabotna. (c)Monthly
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different hydrological natures of these two case studies,
results showed the priority of the model (WES2) and its
capability in streamflow modeling. However, regarding the
length of the used dataset, the dataset includes about 35 years
of daily record; referring to literature in streamflow mod-
eling, it is revealed that the length of data is suitable for the
hydrological modeling [28, 46, 47]. It is noticeable that the
longer period of historical records would be usually better
for modeling hydrological phenomena, but the used his-
torical records are taken due to their quality and the min-
imum gap existence in the records (particularly as the
longest available period).

5. Conclusions

Due to the importance of hydrological time series and
their complex intrinsic components (autoregressive,
seasonality, and error), the performance of the hydro-
logical models depends on their ability in dealing with
these components. In this research, the capability of
ARIMA (a classic autoregressive model), SARIMA (a
classic autoregressive model which also considers uni-
periodicity of the process), ES (a nonstationary but uni-
frequency modeling approach), ANN (a nonlinear
model), WANN (a multifrequency preprocessed nonlin-
ear model), and proposed WES with two different sce-
narios were examined for daily and monthly streamflow
modeling of two different watersheds.

In the presented WES technique, after using WT for
decomposing the observed time series, for the WES1, only
two input subseries were introduced to the model as input
parameters, while the WES2 used all decomposed subseries
separately as the inputs of developed ES models. Finally, by
aggregating the outputs of all ES models, the outputs of the
streamflow modeling were obtained.

*e WES2 hybrid model performed better than other
used models (single models) up to 30% and 10% (daily time
scale) and up to 88% and 57% (monthly time scale), re-
spectively, for West Nishnabotna and Trinity rivers. Also,
the WES2 in comparison with other methods presented
better results in estimating the extreme points.

Comparing the results, it can be concluded that merging
the capability of the WTmethod with ES (WES2) and ANN
(WANN) contributed to more accurate models to predict
the streamflow. *e performances of the WANN and WES2
model were more or less in the same range but the com-
putational cost for theWANNmodel was more that ofWES2
because ANN has more parameters than the ES model (e.g.,
input numbers, weights, biases, hidden neurons number,
transfer functions’ type, etc.).

To spatial assessment, modeling enhancement for the
West Nishnabotna River was more than that of Trinity River
due to its different geomorphological conditions, which was
deliberated in Section 2.

*e depicted reliable outcome of WES2 application for
streamflow forecasting recommends its employment for
other processes such as wastewater treatment, air pollution,
and groundwater. Moreover, applying the stated method-
ology of streamflow modeling on the other watersheds

would be helpful for evaluating the impact of geomor-
phological conditions on the efficiency of the modeling.
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*e used streamflow time series were obtained from the
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[11] J. Busch, D. Elixmann, P. Kühl et al., “State estimation for
large-scale wastewater treatment plants,” Water Research,
vol. 47, no. 13, pp. 4774–4787, 2013.

[12] Z. M. Yaseen, H. Faris, and N. Al-Ansari, “Hybridized ex-
treme learning machine model with salp swarm algorithm: a

16 Complexity

https://waterwatch.usgs.gov


novel predictive model for hydrological application,” Com-
plexity, vol. 2020, Article ID 8206245, 14 pages, 2020.

[13] C. D. Tankersley, W. D. Graham, and K. Hatfield, “Com-
parison of univariate and transfer function models of
groundwater fluctuations,”Water Resources Research, vol. 29,
no. 10, pp. 3517–3533, 1993.

[14] J. V. Hansen and R. D. Nelson, “Neural networks and tra-
ditional time series methods: a synergistic combination in
state economic forecasts,” IEEE Transactions on Neural
Networks, vol. 8, no. 4, pp. 863–873, 1997.

[15] T.-W. Kim and J. B. Valdés, “Nonlinear model for drought
forecasting based on a conjunction of wavelet transforms and
neural networks,” Journal of Hydrologic Engineering, vol. 8,
no. 6, pp. 319–328, 2003.

[16] H. Moeeni, H. Bonakdari, and I. Ebtehaj, “Integrated SAR-
IMA with neuro-fuzzy systems and neural networks for
monthly inflow prediction,” Water Resources Management,
vol. 31, no. 7, pp. 2141–2156, 2017.

[17] G. P. McCormick, “Communications to the editor-expo-
nential forecasting: some new variations,” Management Sci-
ence, vol. 15, no. 5, pp. 311–320, 1969.

[18] E. S. Gardner, “Exponential smoothing: the state of the art,”
Journal of Forecasting, vol. 4, no. 1, pp. 1–28, 1985.

[19] R. J. Hyndman, A. B. Koehler, R. D. Snyder, and S. Grose, “A
state space framework for automatic forecasting using ex-
ponential smoothing methods,” International Journal of
Forecasting, vol. 18, no. 3, pp. 439–454, 2002.

[20] J. W. Taylor, “Exponential smoothing with a damped mul-
tiplicative trend,” International Journal of Forecasting, vol. 19,
no. 4, pp. 715–725, 2003.

[21] E. S. Gardner, “Exponential smoothing: the state of the art-
Part II,” International Journal of Forecasting, vol. 22, no. 4,
pp. 637–666, 2006.

[22] R. Hyndman and G. Athanasopoulos, Forecasting: Principles
and Practice: Notes, *e University of Western Australia,
Perth, Australia, 2014.

[23] J. K. Ord, A. B. Koehler, R. D. Snyder, J. K. Ord, A. B. Koehler,
and R. D. Snyder, “Estimation and prediction for a class of
dynamic nonlinear statistical models,” Journal of the American
Statistical Association, vol. 92, no. 440, pp. 1621–1629, 1997.

[24] A. M. Melesse, S. Ahmad, M. E. Mcclain, X. Wang, and
Y. H. Lim, “Suspended sediment load prediction of river
systems: an artificial neural network approach,” Agricultural
Water Management, vol. 98, no. 5, pp. 855–866, 2011.

[25] E. Sharghi, V. Nourani, H. Najafi, and S. Soleimani, “Wavelet-
exponential smoothing: a new hybrid method for suspended
sediment load modeling,” Environmental Processes, vol. 6,
no. 1, pp. 191–218, 2019.

[26] I. Ahmadianfar, M. Jamei, and X. Chu, “A novel hybrid
wavelet-locally weighted linear regression (W-LWLR) model
for electrical conductivity (EC) prediction in water surface,”
Journal of Contaminant Hydrology, vol. 232, Article ID
103641, 2020.

[27] M. Jamei, I. Ahmadianfar, X. Chu, and Z. M. Yaseen, “Pre-
diction of surface water total dissolved solids using hybridized
wavelet-multigene genetic programming: new approach,”
Journal of Hydrology, vol. 589, Article ID 125335, 2020.

[28] D. Nalley, J. Adamowski, B. Khalil, and A. Biswas, “A
comparison of conventional and wavelet transform based
methods for streamflow record extension,” Journal of Hy-
drology, vol. 582, Article ID 124503, 2020.

[29] L. Ni, D. Wang, V. P. Singh et al., “Streamflow and rainfall
forecasting by two long short-term memory-based models,”
Journal of Hydrology, vol. 583, Article ID 124296, 2020.

[30] V. Nourani, A. Hosseini Baghanam, J. Adamowski, and
O. Kisi, “Applications of hybrid wavelet-Artificial Intelligence
models in hydrology: a review,” Journal of Hydrology, vol. 514,
pp. 358–377, 2014.

[31] B. Cannas, A. Fanni, L. See, and G. Sias, “Data preprocessing
for river flow forecasting using neural networks: wavelet
transforms and data partitioning,” Physics and Chemistry of
the Earth, Parts A/B/C, vol. 31, no. 18, pp. 1164–1171, 2006.

[32] C.-C. Kuo, T. Y. Gan, and P.-S. Yu, “Wavelet analysis on the
variability, teleconnectivity, and predictability of the seasonal
rainfall of taiwan,” Monthly Weather Review, vol. 138, no. 1,
pp. 162–175, 2010.

[33] L. L. Wehmeyer, F. H. Weirich, and T. F. Cuffney, “Effect of
land cover change on runoff curve number estimation in
Iowa, 1832-2001,” Ecohydrology, vol. 4, no. 2, pp. 315–321,
2011.

[34] P. S. Addison, Fe Illustrated Wavelet Transform Hanbook:
Introductory Feory and Applications in Science, Engineering,
Medicine and Finance, CRC Press, Boca Raton, FL, USA, 2016.

[35] G. E. P. Box, G. M. Jenkins, G. C. Reinsel, and G. M. Ljung,
Time Series Analysis: Forecasting & Control, Wiley, Hoboken,
NJ, USA, 2016.

[36] ASCE, “Artificial neural networks in hydrology. II: hydrologic
applications,” Journal of Hydrologic Engineering, vol. 5, no. 2,
pp. 124–137, 2000.

[37] E. Sharghi, V. Nourani, H. Najafi, and A.Molajou, “Emotional
ANN (EANN) and Wavelet-ANN (WANN) approaches for
markovian and seasonal based modeling of rainfall-runoff
process,” Water Resources Management, vol. 32, no. 10,
pp. 3441–3456, 2018.

[38] R. Weron, Modeling and Forecasting Electricity Loads, John
Wiley & Sons, Hoboken, NJ, USA, 2006.

[39] R. Hyndman and Y. Khandakar, “Automatic time series
forecasting: the forecast package for R,” Journal Of Statistical
Software, vol. 27, no. 3, pp. 1–22, 2008.

[40] E. Stellwagen, “Exponential smoothing: the workhorse of
business forecasting,” Foresight, vol. 27, no. 27, pp. 23–28,
2012.

[41] M. Natrella, NIST/SEMATECH E-Handbook of Statistical
Methods, NIST/SEMATECH, Austin, TX, USA, 2002.

[42] E. Sharghi, V. Nourani, A. Molajou, and H. Najafi, “Con-
junction of emotional ANN (EANN) and wavelet transform
for rainfall-runoff modeling,” Journal of Hydroinformatics,
vol. 21, no. 1, pp. 136–152, 2019.

[43] D. R. Legates and G. J. McCabe, “Evaluating the use of
“goodness-of-fit” Measures in hydrologic and hydroclimatic
model validation,” Water Resources Research, vol. 35, no. 1,
pp. 233–241, 1999.

[44] V. Nourani, T. R. Khanghah, and A. H. Baghanam, “Appli-
cation of entropy concept for input selection of wavelet-ANN
based rainfall-runoff modeling,” Journal of Environmental
Informatics, vol. 26, no. 1, pp. 52–70, 2015.

[45] K. E. Taylor, “Summarizing multiple aspects of model per-
formance in a single diagram,” Journal of Geophysical Re-
search: Atmospheres, vol. 106, no. D7, pp. 7183–7192, 2001.

[46] Y.-M. Zhu, X. X. Lu, and Y. Zhou, “Suspended sediment flux
modeling with artificial neural network: an example of the
Longchuanjiang River in the Upper Yangtze Catchment,
China,” Geomorphology, vol. 84, no. 1-2, pp. 111–125, 2007.

[47] Y. Sun, J. Niu, and B. Sivakumar, “A comparative study of
models for short-term streamflow forecasting with emphasis
on wavelet-based approach,” Stochastic Environmental Re-
search and Risk Assessment, vol. 33, no. 10, pp. 1875–1891,
2019.

Complexity 17


