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Forecasting reservoir inﬂow is one of the most important components of water resources and hydroelectric
systems operation management. Seasonal autoregressive integrated moving average (SARIMA) models
have been frequently used for predicting river ﬂow. SARIMA models are linear and do not consider the
random component of statistical data. To overcome this shortcoming, monthly inﬂow is predicted in
this study based on a combination of seasonal autoregressive integrated moving average (SARIMA) and
gene expression programming (GEP) models, which is a new hybrid method (SARIMA–GEP). To this
end, a four-step process is employed. First, the monthly inﬂow datasets are pre-processed. Second, the
datasets are modelled linearly with SARIMA and in the third stage, the non-linearity of residual series
caused by linear modelling is evaluated. After conﬁrming the non-linearity, the residuals are modelled
in the fourth step using a gene expression programming (GEP) method. The proposed hybrid model is
employed to predict the monthly inﬂow to the Jamishan Dam in west Iran. Thirty years’ worth of site
measurements of monthly reservoir dam inﬂow with extreme seasonal variations are used. The results
of this hybrid model (SARIMA–GEP) are compared with SARIMA, GEP, artiﬁcial neural network
(ANN) and SARIMA–ANN models. The results indicate that the SARIMA–GEP model (R2 =78.8,
VAF=78.8, RMSE=0.89, MAPE=43.4, CRM=0.053) outperforms SARIMA and GEP and SARIMA–
ANN (R2 =68.3, VAF=66.4, RMSE=1.12, MAPE=56.6, CRM=0.032) displays better performance than
the SARIMA and ANN models. A comparison of the two hybrid models indicates the superiority of
SARIMA–GEP over the SARIMA–ANN model.

1. Introduction
Time series analysis has an important role in the
hydrologic sciences and water resource management. Time series modelling of river ﬂow discharge
is of particular importance in water resource management. Time series models are used to forecast
the future based on past observations (Makridakis
et al. 2008). Statistical modelling is the oldest
method of time series prediction. Seasonal Autoregressive Integrated Moving Average (SARIMA) is
considered the best statistical linear type of model
in runoﬀ prediction (Valipour 2015) and has been

widely employed in studies on ﬂow (Mohan and
Vedula 1995; Chebaane et al. 1995; Wang et al.
2005; Yurekli and Kurunc 2005; Yurekli et al.
2005; Abebe and Foerch 2008; Aksoy et al. 2013;
Ali 2013; Valipour 2015). Since SARIMA performs
linear modelling, it does not perform well with
complex nonlinear problems.
Soft computing techniques perform well with
complex nonlinear problems, so these approaches
have been well-received in recent decades (Kilinç
and Cigizoglu 2005; Kisi and Cigizoglu 2007; Firat
2008; Lohani et al. 2012; Ebtehaj and Bonakdari
2013; He et al. 2014; Kothari and Gharde 2015;

Keywords. Forecasting; inﬂow; time series; hybrid; gene expression programming.

1

18 Page 2 of 13
Sharma et al. 2015; Khoshbin et al. 2016). Unlike
traditional statistical methods, soft computing
functions are based on artiﬁcial intelligence. Moreover, time series prediction models have diﬀerent
structures and functions. Therefore, recognising the
strengths and weaknesses of each method is very
important. Among soft computing methods, artiﬁcial neural network (ANN) modelling is used extensively. A number of researchers have studied the
performance of ANN modelling against statistical
modelling in discharge ﬂow prediction. Kisi (2004)
and Mohammadi et al. (2005) compared ANN
models with Autoregressive (AR) and Autoregressive Integrated Moving Average (ARIMA) models in predicting discharge. The results indicated
that ANN modelling is more accurate. Valipour
et al. (2013) studied reservoir inﬂow and found
that ANN models are better than Autoregressive Moving Average (ARMA) and ARIMA models. Another artiﬁcial intelligence method is Gene
Expression Programming (GEP), which performs
based on the theory of natural evolution and has
high prediction ability. Numerous studies have
been done in various ﬁelds to compare ANN performance. Some researchers have studied the performance of stochastic models against ANN models in
predicting hydrological series. Wang et al. (2009)
compared the performance of diﬀerent models in
predicting monthly river inﬂow and found that
genetic programming (GP) outperforms ANN and
SARIMA models. Kisi et al. (2012a) took into
account the daily discharge as input to several
models and predicted the daily sediment load.
They concluded that GEP modelling is more powerful than ANN. Kisi et al. (2012b) predicted daily
lake levels using artiﬁcial intelligence models and
found that, compared with other models such as
ANN, GEP has greater ability.
Both soft computing and statistical modelling
methods have certain limitations in predicting time
series. Thus, some researchers have attempted to
use the advantages of both methods, simultaneously, to overcome the disadvantages of each
method in the proposed hybrid method. Zhang
(2003) presented a hybrid ARIMA–ANN model
and modelled the residual of ARIMA with ANN.
This model is based on the assumption that
the data have linear and nonlinear components.
The results demonstrated that using the hybrid
ARIMA–ANN increases modelling accuracy, as the
results of both ARIMA and ANN are better.
ARIMA–ANN hybrid model performance has been
evaluated in other studies as well (Koutroumanidis
et al. 2009; Faruk 2010; Nourani et al. 2011;
Liu et al. 2012; Filho et al. 2014). Moeeni
and Bonakdari (2016) enhanced the accuracy of
monthly discharge forecasting with irregular seasonal ﬂuctuations using SARIMA–ANN modelling.
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According to recent studies, compared to ANN,
GEP shows greater power in nonlinear system
modelling. Therefore, a new hybrid of SARIMA
and GEP is presented (SARIMA–GEP) in this
research to overcome the problems of existing
hybrid methods in estimating time series. To the
best of the authors’ knowledge, this method has
not been used in predicting time series with severe
and irregular seasonal ﬂuctuations. The monthly
inﬂow of the Jamishan River located in the west
of Iran is predicted with the hybrid SARIMA–
GEP model. To evaluate the performance of the
proposed model, the results are compared with
a SARIMA statistical model, two computational
intelligence-based models (ANN and GEP), and
one hybrid method that is presented in this study,
i.e., SARIMA–ANN.
2. Materials and methods
2.1 Proposed hybrid process
In general, the modelling process consists of four
steps: (1) data pre-processing, (2) linear modelling by SARIMA, (3) nonlinear evaluation of the
SARIMA model residuals, and (4) nonlinear modelling of residuals by GEP. Figure 1 illustrates
these four steps for a variable such as monthly
inﬂow Q(t) based on the hybrid SARIMA–GEP
model. Monthly inﬂow Q(t) comprises deterministic (D(t)) and stochastic (S(t)) components as
follows:
Q(t) = D(t) + S(t).

(1)

It is better to delete the deterministic component
in the data pre-processing step before modelling
and only model the stochastic component (Salas
et al. 1988; Marco et al. 2012). This stochastic
term can have a linear (SL (t)) or nonlinear (SN (t))
structure, meaning it can be modelled with linear
and nonlinear models, respectively. But if the term
includes both of these components (equation 2),
the structure cannot be modelled properly.
S(t) = SL (t) + SN (t).

(2)

To solve this problem, a hybrid model is presented,
in which SL (t) is modelled with a linear model
and SN (t) with a nonlinear model. The linear
model is used initially and then its residual is
assumed to be a nonlinear component (SN (t)).
This assumption is correct when the residual series
based on the respective test has no deterministic and linear terms. Then this series is modelled
with a nonlinear model, and a nonlinear component (ŜN (t)) is thus obtained. If the sum of
the linear component (ŜL (t)) and deterministic
component modelled (which were removed in the
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Figure 1. Proposed hybrid process ﬂowchart.

pre-processing step) are denoted by Q̂L (t), the end
result will be
Q̂(t) = Q̂L (t) + ŜN (t).

is evaluated using the Hurst coeﬃcient (H). If the
value is >0.5, the series is suﬃciently long. The
Hurst coeﬃcient is given as follows:

(3)

Figure 1 shows the proposed four-step hybrid
process. The steps include data pre-processing,
linear modelling, nonlinear term veriﬁcation and
nonlinear modelling, as discussed below.
2.1.1 Series pre-processing
A series study should include all short- and longterm series of wet and dry periods. This criterion

H=

Log (Smax − Smin /Sd )
.
Log (N/2)

(4)

Here Smin and Smax are the minimum and
maximum cumulative diﬀerences from the mean,
Sd is the standard deviation and N is the number
of months.
A substantial assumption in many statistical
models is that the series is normal. The power
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transformation for data normalisation and the
Jarque–Bera normality test are used as follows:

((Q(t) + α)λ − 1)/λ, λ = 0
.
(5)
Qn (t) =
Log(Q(t) + α),
λ=0

JB = N

Sk2 (Ku − 3)2
+
6
24


.

(6)

Here Q(t) and Qn (t) are the original and
normalised monthly inﬂow series, α and λ are the
power transformation parameters, Sk and Ku are
skewness and kurtosis and JB is the Jarque–Bera
test statistic.
The period (P (t)), trend (T (t)) and jump (J(t))
terms are deterministic components (equation 7)
that should be evaluated before modelling, and
if they exist, they should be removed. The components are determined with the Fisher, seasonal
Mann–Kendall and Mann–Whitney tests, and are
eliminated by non-seasonal and seasonal diﬀerencing. After diﬀerencing, it is necessary to ensure
these components have been removed by doing the
relevant tests again.
D(t) = P (t) + T (t) + J(t).

(7)

With the Fisher test, the existence of a periodic
term is checked by deﬁning the Fisher test statistic
(F ∗ ) as follows (Kashyap and Rao 1976):
N (N −2)(αk2 +βk2 )
,
F ∗ = 
N/2
4
(Q(t)−α
cos(Ω
t)−β
sin(Ω
t))
k
k
k
k
k=1
(8)
where αk and βk are Fourier series expansion
coeﬃcients and Ωk is the angular frequency.
If periodicity is signiﬁcantly large, the series has
a periodic term.
The periodicity corresponding to Ωk is signiﬁcant only if
∗

F ≥ F (2, N − 2),

(9)

where F denotes the critical value in the F-distribution, which is 3.00 at the 5% signiﬁcance level
for large degrees of freedom in the denominator.
The non-parametric seasonal Mann–Kendall
trend test is (Hirsch and Slack 1984)

MK =

ω


(sk − sgn(sk )).

(10)

k=1

sk =

nk n
k −1

i=1 j=i+1

sgn(xki − xkj ).

(11)

var(MK ) =

ω

nk (nk −1)(2nk +5)
k=1
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+2

ω
ω−1 


σij .

i=1 j=i+1

(12)
Here MK is the seasonal Mann–Kendall test
statistic, sk is the Mann–Kendall statistic for the
kth season, var(MK ) is the variance of MK , ω is
the number of seasons, and σij is the test statistic
covariance in the ith and jth seasons.
If uMK = MK var(MK)−0.5 is applied to the following equation, the series without the trend term
would be at the 5% signiﬁcance level:
|uMK | < 1.96.

(13)

The Mann–Whitney test to evaluate the presence
of a jump is (Mann and Whitney 1947):

n1 
n1 (n1 +n2 +1)
R(z(t))
−
t=1
2
,
(14)
uM W =

1/2
n1 n2 (n1 +n2 +1)
12

where z(t) is the series Q(t) arranged as ascending,
R(z(t)) is the degree of the z(t) function, and
n1 and n2 are the numbers of members in the
Q1 (t) = {Q(1), Q(2), . . . , Q(n1 )} and Q2 (t) =
{Q(n1 + 1), Q(n1 + 2), . . . , Q(n)} sub-series. If
the corresponding probability with |uM W | in the
normal distribution (P|uM W | ) is greater than the
desired conﬁdence level (here 1%), the assumption
of the two mean series’ equality is conﬁrmed. As a
result, the series is without jump.
2.1.2 Linear modelling
Seasonal Autoregressive Integrated Moving Average
(SARIMA) is a statistical linear model that is capable of modelling seasonal series and is expressed as
follows:
SARIMA(p,d ,q )(P,D,Q)!:
(1 − Φ1 B ω − Φ2 B 2ω − · · · − ΦP B P ω )
×(1 − φ1 B − φ2 B 2 − · · · − φp B p )
×(1 − B ω )D (1 − B)d Qn (t)
= (1 − Θ1 B ω − Θ2 B 2ω − · · · − ΘQ B Qω )
×(1 − θ1 B − θ2 B 2 − · · · − θq B q )e(t) (15)
where p and q are the non-seasonal autoregressive
and moving average orders, P and Q are the seasonal autoregressive and moving average orders, ϕ
and θ are the non-seasonal autoregressive and moving average parameters, Φ and Θ are the seasonal
autoregressive and moving average parameters, ω
is the frequency period, B is the diﬀerential operator as B(Q(t)) = Q(t−1), (1–B ω )D is equal to the
Dth seasonal diﬀerencing with ω steps, and (1–B)d
is equal to the dth non-seasonal diﬀerencing.
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Regarding the order of any parameter between
0 and 5, (p, q, P, Q ∈ {0, 1, 2, 3, 4, 5}), 4 sets with
6 members are used. All possible combinations of
these four sets are 64 =1296. As a result, 1296
SARIMA models were obtained. Among these,
the best model was selected based on Akaike’s
information criterion as follows:
2kn
AICc = n · Ln(σe2 ) +
,
(16)
n−k−1
where σe2 is the variance of the model residuals, k
is the number of model parameters as p + q + P + Q
and n is the number of modelled data.
Upon selecting the best model, the parameters’
signiﬁcance was determined using the t-student
test (equation 17). If the corresponding probability with this test statistic in the normal distribution (Pτ ) is less than the 5% conﬁdence level,
the desired parameter is signiﬁcant. Otherwise,
another model is chosen based on AICc.
τ=

P̂r
,
Se

(17)

where τ is the t-student test statistic, P̂r represents
the model parameters and Se is the standard error.
2.1.3 Nonlinear term veriﬁcation
The Box–Pierce test was used for the reliability
of a lack of linear dependence and the cumulative
periodogram test was used to ensure the absence
of periodicity in the linear model residuals.
If the probability associated with the Box–Pierce
test statistic (Q∗ ) in chi-squared distribution (PQ∗ )
is greater than the signiﬁcance level considered
(here 5%), the linear model residuals (e(t)) are
independent. A cumulative periodogram test diagram was made by sampling to show the cumulative periodogram (Pi ) against each frequency (hj ).
If this graph is close to the exact line of the
(0, 0) and (0.5, 1) points, the period is completely
removed from the residuals. Q∗ , Pi and hi are
deﬁned as follows (Box and Pierce 1970; Dagum
et al. 1975):
Q∗ = n(n + 2)

L

r2 (e(t))
l

l=1

n−1

.

(18)

i

n
2
( t=1 e(t)cos(2πhj t))
n
2
× ( t=1 e(t)sin(2πhj t))
=
,
n2 σe2
n
(19)
i = 1, 2, 3, ..., .
2
2

Pi

j=1

hj =

j
.
n

(20)
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Here rl and σe2 are the autocorrelation coeﬃcients
with the lth delay and variance of e(t), and L is
considered the maximum time delay.
2.1.4 Nonlinear modelling
The last step in the proposed hybrid process is
nonlinear modelling, where gene expression programming (GEP) is used.
Genetic programming (GP) is an artiﬁcial
intelligence approach presented by Koza (1992) to
expand on the genetic algorithm (GA). GP uses
various computer programs and oﬀers a method
of calculating the target parameter. Gene Expression Programming (GEP) is a linear expression of
the GP method. In the GEP method, the phenotype and genotype of each individual are clearly
distinct, and each individual can be expressed as a
linear sequence (Ferreira 2001). The GEP method
generally has ﬁve diﬀerent components, including
the function set, ﬁtness function, terminal set, control parameters and stop criteria. According to
GEP, genetic operators perform at the chromosome
level, hence there is great genetic diversity accordingly. Another reason why GEP is a highly capable method is its unique multigenic nature that
leads to the evolution of complex programs consisting of several subprograms. Each gene consists
of a symbol list with ﬁxed length, which contains
function set or terminal set elements. The function
set includes mathematical operators (basic or userdeﬁned functions), while the terminal set contains
logical and numerical constants.
The chromosomes used in GEP include a set
of linear symbolic strings made from one or two
genes. A gene has a head and a tail. The head contains signs and represents terminals in addition to
functions, while the tail is only made of terminals.
Since there is no explicit method to determine the
length of the head, this parameter should be determined by trial and error (Ferreira 2006; Alavi and
Gandomi 2011; Ebtehaj et al. 2015). After determining the head length, the tail length is calculated
as follows:
t = h (nmax − 1) + 1,
(21)
where t and h are the lengths of the tail and head,
respectively, and nmax is the maximum number of
functions. The chromosome length is equal to the
sum of h and t.
The Artiﬁcial Neural Network (ANN) is another
nonlinear model that can be used in the hybrid
process. One of the known structures of artiﬁcial neural networks is the multilayer perceptron
(MLPNN) that uses a multi-input vector parameter, has a nonlinear relationship, and models the
target parameter (monthly inﬂow in this study).
The MLPNN structure has input, hidden and
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output layers. There can be several diﬀerent hidden
layers. Each layer has some weighted sets of entries
called neurons. Each neuron has a bias component
as well. These neurons use a transfer function to
transmit the results to the next layer. The output of this network is the discharge predicted for a
double-layer structure (a hidden layer and output
layer) as follows:
Qt+1 = a0 +

g


ai f

b0j +

j=1

h


bij Qt+1−i

+ εt+1 ,

i=1

(22)
where Qt+1 is the predicted discharge, ai and bi are
model parameters (connection weights), g is the
number of input nodes, h is the number of hidden
nodes, f is the transfer function and εt+1 is the
model error.
In this work, two-layer and three-layer perceptrons were used for modelling, including Sigmoid
transfer functions (equation 23) in the hidden layers. The numbers of hidden layer neurons considered were from 1 to 30. These models were trained
with the Levenberg–Marquardt (LM) algorithm
(Levenberg 1944) and then the best model was
selected based on the error criteria.
f (t) =

1
.
1 + e−t

the hydrological nature of monthly inﬂow was used.
It is obvious that the monthly inﬂow is mainly
aﬀected by the discharge of a few months before
and the same month in one or a few years ago.
This is evident from the ACF diagram as well.
Therefore, 14 input types were considered based
on the appropriate time delays in accordance with
table 1 for each nonlinear model. The time delays
shown in table 1 were used for individual models of
discharge (Q) and for hybrid models of SARIMA
model residuals.
2.3 Goodness-of-ﬁt of model performance
In order to evaluate and compare the models, the
correlation coeﬃcient (R2 ), variance account for
(VAF), root mean squared error (RMSE), mean
absolute percentage error (MAPE) and coeﬃcient
of residual mass (CRM) criteria were used as shown
below. By employing these concurrently, a comprehensive model performance result can be achieved:


2
¯
(Q(t) − Q̄(t))(Q̂(t) − Q̂(t))
R 2 = n
.
n
¯
2
2
(Q(t)
−
Q̄(t))
(
Q̂(t)
−
Q̂(t))
t=1
t=1
(24)
n
t=1

(23)
Table 1. Input combinations for soft computing models.
Model ID

2.2 Determining the input combinations
The SARIMA model inputs are determined by this
model order: p, q, P and Q. The maximum parameter order of the model can be identiﬁed from ACF
and PACF diagrams (ﬁgure 2). As these graphs
have large values in the two initial basic steps, a
maximum level of 2 is enough for each parameter
(Cryer and Chen 2008). However, Valipour et al.’s
(2013) results showed that increasing this number
may help achieve a more accurate model. The reason for selecting a maximum order of ﬁve parameters for the model is the same.
In order to determine the diﬀerent inputs for
nonlinear models (individual and hybrid models)

Model
Model
Model
Model
Model
Model
Model
Model
Model
Model
Model
Model
Model
Model

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Figure 2. ACF and PACF diagrams.

Time delays
t−1
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,
t−1,

t−2
t−12
t−6
t−6, t−12
t−2, t−12
t−2, t−6
t−2, t−3
t−2, t−6, t−12
t−2, t−3, t−12
t−2, t−3, t−6
t−2, t−3, t−6, t−12
t−2, t−3, t−12, t−24
t−2, t−3, t−6, t−12, t−24
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Figure 3. Study area location.

Table 2. Statistical properties of the data used.
Period
Calibration
Prediction

x̄

xmin

xmax

x50

SD

Cv

Sk

Ku

Q1

Q3

1.9
1.5

0.01
0.04

13.3
9.2

0.8
0.9

2.4
1.9

1.30
1.26

2.2
2.2

5.2
5.1

0.3
0.2

2.4
2.1

x̄: mean, xmin : minimum, xmax : maximum, x50 : median, SD : standard deviation, Cv :
coeﬃcient of variation, Sk : skewness, Ku : kurtosis, Q1 : ﬁrst quarter; and Q3 : third quarter.

Table 3. Test results for the detection of deterministic terms.
Test statistics
∗
Fisher (Fmax
)

Seasonal Mann–Kendall (|uMK |)
Mann–Whitney (P|uM W | )

Series

Result

Critical
value

Original
Diﬀerenced
Original
Diﬀerenced
Original

134.56
−0.17
4.69
0.03
1.29

3.00
3.00
1.96
1.96
1.00

∗
Fmax
: maximum ﬁsher test statistics, |uMK |: absolute of the corresponding index with
seasonal Mann–Kendall test statistic in the standard normal distribution, P|uM W | :
corresponding probability of Mann–Whitney test statistics.

VAF =

var(Q(t) − Q̂(t))
1−
var (Q(t))
n
t=1

RMSE =
n

t=1

MAPE =

CRM =

Q(t)−Q̂(t)
Q(t)

t=1

(25)

Parameter

(Q(t) − Q̂(t))2
.
n

n

n

× 100.

Table 4. Signiﬁcance test results for the SARIMA (1, 0, 2)
(0, 1, 1)12 model coeﬃcients.

× 100.

n
Q(t) − t=1 Q̂(t)
n
.
t=1 Q(t)

(26)

P̂r
T
Pτ (%)

ϕ1
0.9
21.71
0.0

θ1

θ2

0.195
2.46
1.4

0.149
1.98
4.8

Θ1
0.92
20.76
0.0

P̂r : estimated model parameters (such as ϕ, θ, Θ), τ : tstudent test statistics, Pτ : corresponding probability of τ in
t-distribution.

(27)

(28)

2.4 Study area
To model and predict the monthly inﬂow of the
Jamishan River in Kermanshah Province, west
Iran, data from 1981 to 2011 was used. The reference measurement was done at Pirsalman hydrometric station, where the discharge was measured

18 Page 8 of 13

J. Earth Syst. Sci. (2017) 126: 18

daily and the monthly average was calculated. The
station is located at longitude 34◦ 14 17 and latitude 46◦ 40 12 . Figure 3 shows the study area
location. The maximum daily and monthly inﬂow
achieved for the mentioned period is 48 and
13.3 m3 /sec, respectively. This series with strong
seasonal ﬂuctuations can be used to evaluate the
performance of diﬀerent models. The ﬁrst 21 years
of data were considered for calibration and the
last 9 years’ data for prediction. Table 2 shows
the statistical properties of the data. The similarity between the statistical properties of calibration
Table 5. Non-linearity test for the linear model residuals.
L
Q∗
PQ∗ (%)

12
2.5
93

24
19.5
42.4

36
27.3
65.7

48
41.2
55

L: considered maximum lag in Box–Pierce test, Q: Box–
Pierce test statistics and PQ∗ : corresponding probability of
Q∗ in chi-squared distribution.

Figure 4. Cumulative periodogram for linear model residuals.

and prediction data represents suitable selection of
the two periods.

3. Inﬂow modelling using a hybrid method
The Hurst coeﬃcient obtained for the calibration
period was 0.71, which represents a suﬃcient
period length for modelling. The value of this coefﬁcient for the entire study series was the same. It
means that adding a prediction period to the series
will not change the coeﬃcient value. Therefore, it
can be concluded that the prediction period length
was selected well. The Jarque–Bera test statistics
value obtained for the original series was 459.86.
Since the critical value is 5.99, the series is not
normal. After applying power transformation, the
test statistic value achieved was 4.21, which represents a normal series after conversion. Table 3
shows the evaluation test results for the presence
of deterministic terms in the series before and after
diﬀerencing. The results are related to the Fisher,
seasonal Mann–Kendall and Mann–Whitney tests,
which were used for the periodic term, trend term
and jump term, respectively. The Fisher test statistics were calculated for all possible angular frequencies (N /2), among which, the largest value
∗
obtained (Fmax
) was for the original series related
to the 12-month delay frequency (Ω12 ). Since this
value is larger than the critical value, the studied
series has a periodic term. Thus, one time diﬀerencing with a step of 12 months is required. The test
statistic value is greater than the critical value at
the 5% conﬁdence level that indicates a trend term
in the series. However, the Mann–Whitney test at
the conﬁdence level of 1% indicates the lack of a
jump in the series. It can be seen from the table
that after diﬀerencing all completely deterministic
terms have been removed from the series. Hence,
series diﬀerencing will produce the same stochastic
term.

Figure 5. Model results based on diﬀerent input combinations.
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Figure 6. SARIMA–GEP model results obtained for all input combinations.
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Figure 7. SARIMA–GEP, GEP and SARIMA model results obtained in the training period.
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Considering the orders of the SARIMA model
parameters are between 0 and 5, and by applying
one seasonal time diﬀerencing (D=1) in this model,
1296 models were obtained. Then the AICc criterion was calculated for all models. The best model
obtained was SARIMA(1, 0, 2)(0, 1, 1)12 with a criterion of −356.5. Table 4 displays the t-student
test signiﬁcance results for the coeﬃcients obtained
from this model. Since the Pτ value for all coefﬁcients is less than the 5% conﬁdence level, the
model has signiﬁcant coeﬃcients. As a result,
SARIMA(1, 0, 2)(0, 1, 1)12 was selected as the best
model.
In the hybrid model, the SARIMA residuals
should be modelled as nonlinear components. In
order to ensure the non-linearity of the residual
series, the Box–Pierce test was used. The results of
this test are presented in table 5. It is clear that for
each step considered, the PQ∗ value is greater than
the 5% conﬁdence level. Hence, the residual series
are independent in terms of linear connection.

In addition to evaluating the non-linearity of
residuals, the existence of deterministic components was studied as well. Since the original series
includes a strong periodic term, this term may exist
in residuals accordingly. This fact was determined
by plotting a cumulative periodogram (ﬁgure 4).
It is observed that all the points obtained in this
graph are near the exact line of points (0, 0) and (1,
0.5) and between the Kolmogorov–Smirnov conﬁdence limit at the 25% conﬁdence level. Therefore,
in addition to being non-linear, the linear model
residuals do not include a periodic term. Consequently, in the proposed hybrid process, the series
can be modelled by nonlinear models.
By adding the removed deterministic terms to
the SARIMA (ŜL (t)) model results, the modelled
linear term (Q̂L (t)) is obtained. This is done by
applying reverse diﬀerencing to ŜL (t). The residual
of this model that was considered a nonlinear component of the stochastic term (SN (t)) was modelled

Observed inflow
10

Predicted inflow

SARIMA-GEP

Inflow (m3/s)

8
6
4
2
0
252

264

276

288

300

312

324

336

348

360

312

324

336

348

360

312

324

336

348

360

Month
10

GEP

Inflow (m3/s)

8
6
4
2
0
252

264

276

288

300
Month

10

SARIMA

Inflow (m3/s)

8
6
4
2
0
252

264

276

288

300
Month

Figure 8. SARIMA–GEP, GEP and SARIMA model results obtained in the testing period.
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with GEP. Therefore, the hybrid SARIMA–GEP
model was obtained. To compare the results of this
model with SARIMA–ANN, SN (t) was also modelled with ANN. For this purpose, 14 input combinations as presented in table 1 were used for each
model. With every input combination and by using
the best settings of each model, the optimum result
was obtained. Subsequently, the results of the 14
input combinations were compared.
4. Results and discussion
After modelling and predicting the monthly inﬂow
with the SARIMA–GEP model, the results were
compared with the SARIMA–ANN, GEP and
ANN model results. The results obtained for each
model with all 14 input combinations are shown in
table 1. Figure 5 shows the MAPE criterion values
for each the 14 input combinations for all models.
A comparison of the individual and hybrid model
results signiﬁes that the hybrid models were more
accurate than the individual models in most cases.
The best ANN model results are related to combinations 9 and 13, for SARIMA–ANN 12 and 13,
for GEP 9, 13 and 14 and for SARIMA–GEP 11,
12 and 13. It can be seen that case 13 is common
for all models. It should be noted that based on
the above criteria, the most accurate result for
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each hybrid model is related to the same input
group. The lowest error values were observed for
SARIMA–GEP. Therefore, a further evaluation of
the impact of inputs on model results is provided in
ﬁgure 6. This ﬁgure displays the results of the evaluation criteria of each of the 14 input combinations
for the SARIMA–GEP model. It is clear that all
evaluation criteria for group 13 produced the best
results. Therefore, this input combination can be
considered the best combination in monthly inﬂow
modelling. This group includes ﬁve inputs with a
maximum delay of two years: SN (t − 1), SN (t − 2),
SN (t − 3), SN (t − 12), SN (t − 24). In individual
models, instead of the nonlinear term (SN ), the
directly observed discharge (Q) was used.
Figures 7 and 8 show the values obtained with
the SARIMA–GEP model based on the best input
combination compared with the SARIMA and
GEP models in training and testing (respectively).
It is evident from these ﬁgures that SARIMA
and GEP performed weakly in estimating peak
discharge. However, with the highest increase in
discharge prediction accuracy, the SARIMA–GEP
model was able to improve the accuracy of each
individual model.
To evaluate the performance of the proposed
hybrid model, ﬁgure 9 is provided. This ﬁgure
shows the prediction results of SARIMA–GEP and
other models using the best input combination

Figure 9. Prediction results of all models.
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Table 6. Evaluation criterion results for predicted inﬂow.
2

Model

R

SARIMA–GEP
GEP
SARIMA–ANN
ANN
SARIMA

78.8
70.2
68.3
64.9
57.8

VAF

RMSE

MAPE

CRM

78.8
70.2
66.4
64.8
57.9

0.89
1.05
1.12
1.14
1.27

43.4
69.4
56.6
73.8
39.8

0.053
−0.017
0.032
0.014
0.154

(group 13). The ﬁgure indicates that the results
of each combination model are better than the
individual constituent models. Moreover, the individual models were weak in predicting the peak
discharge but this weakness was overcome by the
combination models. In this ﬁgure, it is clear that
SARIMA–GEP obtained points with the highest
correlation and the best-ﬁt line.
The results obtained for the evaluation criteria
for all models in the testing period are presented
in table 6. It can be seen from the table that
according to all criteria, the SARIMA–GEP model
performed better than the individual models. In
addition, SARIMA–GEP was much more accurate
than the hybrid SARIMA–ANN model and is thus
a good alternative. Another important result is
that SARIMA–ANN was less accurate than GEP
based on all criteria, except MAPE. It means that
the GEP model was better than SARIMA–ANN,
or at least similar. Therefore, there may be an individual model that performs more accurately than a
hybrid model. Since the researchers only compared
the hybrid SARIMA–ANN model with individual
models, this point was hidden so far; but SARIMA–
ANN was more accurate than either SARIMA
or ANN. Thus, both hybrid models were more
accurate than the individual constituent models.
It can be seen in table 6 that the SARIMA
model performed worse than other models based
on all criteria except MAPE. However, the MAPE
value for this model was better than the hybrid
SARIMA–GEP model. This indicates the higher
accuracy of the linear SARIMA model in modelling
discharge at low levels since the MAPE criterion
is based on the relative error that is more sensitive to small numbers. This leads to the conclusion
that monthly inﬂow on regular days of the year
and for basic discharge has a linear property, and
for torrential discharge, it has a nonlinear property.
Hence, the nature of this hydrological phenomenon
was established better.
5. Conclusion
In this study, a combined process consisting of
four steps, namely pre-processing, linear modelling,
evaluation of model non-linearity, and linear and
nonlinear residual modelling was presented. With

this process, two hybrid models, i.e., SARIMA–
GEP and SARIMA–ANN were obtained. The results
of the two models were compared with individual
GEP, ANN and SARIMA models. The results of all
combination and individual models showed that
using inputs of 1, 2, 3, 12 and 24 prior months led
to the best results. Therefore, the mentioned months
are the most inﬂuential on monthly inﬂow level
prediction. The new hybrid combination SARIMA–
GEP showed the most accurate results among all
hybrid and individual models (R2 = 78.8, VAF =
78.8, RMSE = 0.89, MAPE = 43.4, CRM = 0.053).
The GEP method (R2 = 70.2, VAF = 70.2, RMSE =
1.05, MAPE = 69.4, CRM = −0.017) produced better results than ANN and SARIMA–ANN with the
best input combination (model 13). In long-term
prediction, SARIMA–GEP performed much better, compared with each individual model. As basic
discharge has linear features, the SARIMA model
could predict this parameter very well. Applying
other computational intelligence methods is suggested (e.g., adaptive neuro-fuzzy inference system, extreme learning machines) for modelling the
nonlinear component of monthly inﬂow.
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