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ABSTRACT
The complex nonlinear and non-stationary features exhibited in hydrologic sequences make hydrological analysis
and forecasting difficult. Currently, some hydrologists employ the complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) method, a new time-frequency analysis method based on the empirical
mode decomposition (EMD) algorithm, to decompose non-stationary raw data in order to obtain relatively
stationary components for further study. However, the endpoint effect in CEEMDAN is often neglected, which
can lead to decomposition errors that reduce the accuracy of the research results. In this study, we processed an
original runoff sequence using the radial basis function neural network (RBFNN) technique to obtain the extension
sequence before utilizing CEEMDAN decomposition. Then, we compared the decomposition results of the original
sequence, RBFNN extension sequence, and standard sequence to investigate the influence of the endpoint effect
and RBFNN extension on the CEEMDAN method. The results indicated that the RBFNN extension technique
effectively reduced the error of medium and low frequency components caused by the endpoint effect. At both
ends of the components, the extension sequence more accurately reflected the true fluctuation characteristics and
variation trends. These advances are of great significance to the subsequent study of hydrology. Therefore, the
CEEMDAN method, combined with an appropriate extension of the original runoff series, can more precisely
determine multi-time scale characteristics, and provide a credible basis for the analysis of hydrologic time series
and hydrological forecasting.
KEYWORDS
Complete ensemble empirical mode decomposition with adaptive noise; data extension; radial basis function
neural network; multi-time scales; runoff
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1 Introduction
The variation of runoff has multiple time scale features [1–4]. The exploration of runoff fluctuation and the trends of each time scale are important to the understanding of the inherent laws
of hydrological elements and making runoff predictions [5,6]. However, the runoff series exhibit
complicated nonlinear and non-stationary characteristics, as they are affected by various factors
including climate change, interactions between social and hydrologic systems, etc. This complexity
makes multi-time scale analysis difficult [7–9]. Therefore, development of an effective method to
extract accurate and reliable information from intricate hydrologic sequences is requisite.
Wavelet transformation [10,11] and empirical mode decomposition (EMD) [12,13] are common
time-frequency analysis methods for processing non-stationary series [14]. In particular, EMD has
become increasingly popular owing to its completeness, adaptability, and approximate orthogonality compared to the wavelet technique [15,16]. Nevertheless, mode mixing may reduce the
decomposition accuracy in EMD [13]. To overcome this issue, Torres et al. [17] proposed a
complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN), an advanced
version of the ensemble empirical mode decomposition (EEMD) [18]. This new method can more
precisely decompose nonlinear series and distinguish the variation patterns of different time scales
in complex data [19,20]. Recently, many hydrologists have applied the CEEMDAN method to
hydrological time series analysis [21–23] and built runoff prediction models combined with the
“decomposition–prediction–reconstruction” principle [6,24–27].
It is worth noting that the endpoint effect caused by the cubic spline interpolation used in
the EMD method presents another problem in addition to mode mixing [13,28]. The CEEMDAN
method retains the original EMD algorithm without improving the interpolation algorithm, and
the endpoint effect can lead to distortion of the decomposition results. Hydrologists usually ignore
this issue and directly use CEEMDAN to decompose raw data without inhibiting the boundary
error in their studies [6,21,22,27]. Consequently, the fluctuation characteristics reflected by the
decomposition results may not align with the actual situation in each time scale, thereby reducing
the reliability of the multi-time scale analysis. Additionally, as input to the runoff prediction
model, the accuracy of the decomposition results is crucial to the “decomposition–prediction–
reconstruction” principle. If the input data deviate from the real situation, the prediction cannot
achieve the optimal effect. Few hydrologic studies have focused on the influences of the endpoint
effect on decomposition and subsequent prediction accuracy. This study investigates these impacts,
as well as reduces the boundary error prior to the runoff time series analysis and forecasting, via
data extension technology to improve the reliability of the results.
In previous studies analyzing the endpoint effect in EMD, many mitigating solutions utilizing
data extension have been proposed, including such techniques as mirror extending [29], extreme
point symmetrical extending [30], AR models [31], and ANN models [28,32]. Each of these
approaches has demonstrated good performance in specific situations. Among them, the radial
basis function neural network (RBFNN) extension technique, a type of ANN model, has become
a common and a suitable method for processing sequences with nonlinear characteristics [33–35].
Therefore, we selected the RBFNN technique to lengthen the original runoff series in order to
suppress the endpoint effect of the CEEMDAN method in this study.
The steps taken to evaluate the inclusion of the RBFNN extension technique are as follows.
(1) Extend the original annual runoff sequence using the RBFNN extension method to get an
extension sequence. Contrast the results with the standard sequence to understand the results of
the extension. (2) Individually decompose the original sequence, extension sequence, and standard
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sequence via CEEMDAN. Using the standard sequence as the base criterion, analyze the visual
graphs of the decomposition results and quantify the decomposition error of the original and
extension sequences. (3) Study the influence of the existing boundary error in CEEMDAN on
the hydrological time series analysis and forecasting and the improvement effect of the RBFNN
extension method. (4) Discuss and summarize the results of the above comparative analysis.
2 Methodology
2.1 Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN)
The CEEMDAN method can precisely decompose nonlinear and non-stationary time series
into several layers of intrinsic mode function (IMF) components and one residue (Res) without mode mixing and reconstruction error [17,36,37]. The IMFs, stability, and quasi-periodicity
of the CEEMDAN method increase layer by layer and reflect the fluctuation characteristics
of the sequence in multiple time scales. In addition, the Res can be regarded as the trend of
the entire series. Therefore, CEEMDAN is an efficient tool for hydrological time series analysis
and forecasting.
The CEEMDAN algorithm is given by
Ek (x) = x − M (x)

(1)

where x is the series to be decomposed, Ek (·) is the EMD operator used to obtain the kth mode,
and M(·) is the local average operator used to produce a new series for further decomposition.
The term w(i) (i = 1, . . . , I) is a zero-mean unit-variance white Gaussian noise that is added to the
original series to generate x(i) = x+w(i) . (·) is the operator for the mean calculation. The parameter
β represents the level of added noise, where β0 = ε0 std(x)/std(E1 (w(i) )), βk = ε0 std(rk ), and k ≥ 1,
where ε0 is the additive noise representing the signal-to-noise ratio and can be controlled at each
stage.
Step 1: According to x(i) = x + β0 E1 (w(i) ), the first residue by EMD decomposition is given by


(2)
r1 = M(x(i) )
Step 2: The first intrinsic mode is calculated as
 1 = x − r1
IMF

(3)

Step 3: The local mean of r1 + β1 E2 (w(i) ) is considered an estimate of the second residue,
which leads to the second IMF component given by


 
 2 = r1 − r2 = r1 − M r1 + β1 E2 w(i)
(4)
IMF
Step 4: For k = 3, . . . , K, the kth residue is calculated as


rk = M(rk−1 + βk−1 Ek (w(i) ))

(5)

Step 5: The kth intrinsic mode is calculated as


 k = rk−1 − rk = rk−1 − M(rk−1 + βk−1 Ek (w(i) ))
IMF

(6)

Step 6: The process is repeated from Step 4 for next value of k.
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Steps 4 to 6 are repeated until the residual value satisfies one of the following conditions:
(1) IMF component conditions are met, (2) the number of extrema is less than three, or (3) the
residue can no longer be decomposed.
Ultimately, the final residue is satisfied by
rk = x −

K


k
IMF

(7)

k=1

where K is the maximum number of components. Thus, the original series, x, can be reconstructed
using the equation given by
x=

K


 k + rk
IMF

(8)

k=1

The CEEMDAN method repeatedly uses Ek (·) (i.e., the EMD algorithm) in the decomposition
process, thus reducing the decomposition accuracy by the endpoint effect.
2.2 Radial Basis Function Neural Network (RBFNN) Extension
The RBFNN technique has been widely used to forecast nonlinear time series, as it has the
advantages of simple topology, a fixed network structure, and fast and efficient learning [38–43].
The process of utilizing the RBFNN extension can be described as follows [32]:
For the original series x = {x1 , x2 , . . . , xn}, where n is the number of raw data, a learning
sample matrix, Pm×k , and corresponding target matrix, Tl×k , are generated. They are primarily
created according to a certain rule, where k is the number of sample groups, and m and l stand
for the number of data points in each group of samples. In the MATLAB toolbox, the built-in
newrbe function is used to design a standard radial basis network (input sample (P, T)) to train
the network and select an appropriate parameter value for spread to obtain the optimal radial
basis network. In the process of model building, the radial basis function was program default,
the number of neurons in the input layer was selected between 5–30, the number of neurons in
the output layer was 1, and the parameter of spread was selected near the default value of 1.
If the number of neurons is 5, the training set is P = {P1 , P2 , . . . , Pn−5 }, P1 = {x1 , x2 , . . . , x5 }, P2 =
{x2 , x3 , . . . , x6 } , . . . , Pn−5 = {xn−5 , xn−4 , . . . , xn−1 } and the test set is T = {x6 , x7 , . . . , xn }. RBFNN
models have been evaluated by repeated cross-validation.
Next, the RBFNN network is applied for data extension. The sample matrix, p1 , is determined
at the boundary (such as the right boundary) of the original series x. Then, the sample matrix
is input into the trained RBF network to obtain extension data a1 . Data point a1 is taken as
the endpoint of extended sequence X1 = {x1 , x2 , . . . , xn , a1 } and used to generate sample matrix p2 .
The process is then repeated as sample matrix p2 is input into the network again to obtain extension data a2 . Ultimately, an extension series of suitable length, Xi = {x1 , x2 , . . . , xn, a1 , a2 , . . . , ai },
where i is the number of continuation points on the right, is obtained. In a similar fash
ion,
the raw data can be extended on

 the other end to obtain the extension sequence X =
bj , . . . , b2 , b1 , x1 , x2, . . . , xn , a1 , a2 , . . . , ai , where b represents the continuation points on the right,
and j is the number of points.
The prediction accuracy will decline invariably along with an increase in predictive time
length. Extension data outside of the boundaries should be not too long. Moreover, to suppress
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the endpoint effect, the extension data must have at least one minimum and one maximum value
point at each end according to the principle of cubic spline interpolation [28,32].
2.3 Performance Evaluation
The standard statistical measures, such as Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), Pearson Correlation (R) and R-squared
(R2) [44,45], are generally used to evaluate the performance of the models.
RMSE =
MAE =

MAPE =

N
i=1 (imf i

− IMFi )2
N

(9)

N
i=1 | imf i − IMFi |

(10)

N
N | imf i −IMFi |
i=1
IMFi

(11)

N
⎡

⎢
R2 = (R)2 = ⎢
⎣

N
i=1



imf i − imf i


2
N
imf
−
imf
i
i
i=1



IMFi − IMFi



⎤2

⎥
⎥

2 ⎦
N
i=1 IMFi − IMFi

(12)

where N is the number of data, imf i is the decomposition result of either the original or extension
sequence, and IMFi is the decomposition result of the standard sequence.
RMSE, MAE, and MAPE measure the performance of models based on the difference
between two variables—imf i − IMFi , and they pay attention to the deviation of data points from
the standard. R and R-squared can show the degree of correlation between two sequences. This
paper evaluates the performance of the CEEMDAN method for runoff sequences decomposition
in each component. We not only concern the deviation of each data point from the standard,
but also pay more attention to the correlation degree between the decomposition result and the
standard sequence, that is, whether the decomposition results can accurately reflect the fluctuation
trend and law contained in the standard sequence. In addition, there will be some data close
to zero in the decomposition result and these data as the denominator will cause the evaluation
result too large. R is appropriate for linear sequences, and R-squared is more broadly applicable.
Therefore, we chose RMSE, MAE, and R-squared as indicators of performance evaluation.
3 Materials and Data Processing
3.1 Hydrological Data
In this study, we obtained the annual runoff series for Tangnaihai station from 1956 to 2013
and annual precipitation series for Dari station from 1956 to 2015, which are located in the source
region of the Yellow River. The source region of the Yellow River is the most important area
of runoff generation in the Yellow River basin. The evolution of hydrological elements in this
region has a crucial influence on the change of water resources in the whole Yellow River basin.
In addition, this area is less affected by human activities and the measured data of Tangnaihai
station can reflect the runoff process under natural conditions. Therefore, the runoff characteristics
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here have unique and important research value. We use runoff data for our experiment and use
rainfall data to verify the reliability of the method.
According to the characteristics of the original data, as well as for the convenience of the
study, the measured runoff data were taken as the standard sequence, and the intercept data
from 1962 to 2007 was taken as the original sequence. Then, the RBFNN extension method was
applied to the original sequence to obtain the extension sequence. According to the interval in
which the extreme point in the original sequence occurred, a period of seven years was chosen as
the RBFNN prediction length at both ends to ensure that the prolongation contained a pair of
extreme points and a certain precision was maintained. In the standard sequence, the portions of
data from 1956 to 1962 and 2007 to 2013 were based on measured values which were regarded
as the optimal continuation of the original sequence.
3.2 Data Extension
The extension of the original sequence of annual runoff as determined by RBFNN is shown
in Fig. 1. The error of the RBFNN extension relative to the optimal extension is shown in Tab. 1.

Figure 1: Three sets of runoff data. The measured data from 1962 to 2006 comprises the original
sequence. The RBFNN extension is the continuation result of the original sequence and combines
them to create the extension sequence. The points of optimal extension use the measured data
from 1956 to 1962 and 2007 to 2013 in combination with the original sequence to get the standard
sequence
According to Fig. 1 and Tab. 1, of the six extreme points obtained from the right-side extension, only the sixth point was inconsistent with the real sequence, and the relative error reached
36.59%. This occurred because the maximum point and minimum point appeared alternately at
the right end of the original sequence, and the RBFNN forecasting approach lengthens data with
this rule. The 2012 data was contrary to the actual situation and resulted in errors. At the left end
of the extension, there were three extreme points. The first point was discordant with the trend of
the real series, and had a deviation of 37.96%. The RBFNN extension misjudged the occurrence
of the first maximum. Beyond that, the other extreme points conformed to the change law of the
actual sequence.
Endpoint extension is only an auxiliary tool and unnecessary to take a lot of time to pursue
the prediction accuracy deliberately like specialized prediction research, so certain errors are
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acceptable. On the whole, the RBFNN extension series was close to the standard sequence, which
approximately reflected the basic trend of the runoff series at the endpoint, with the exception of
a few individual points.
Table 1: The effect of the extension compared with the optimal value on both sides
Left (a)

1956

1957

1958

1959

1960

1961

1962

Optimal (108 m3 )
RBFNN (108 m3 )
Relative error (%)

133.43
132.09
1.00

155.01
145.41
6.19

201.06
205.04
1.98

156.89
189.69
20.90

163.00
157.65
3.28

224.80
197.57
12.11

184.70
254.81
37.96

Right (a)

2007

2008

2009

2010

2011

2012

2013

189.04
202.76
7.26

174.60
156.41
10.42

263.47
223.56
15.15

197.08
175.78
10.81

211.21
239.70
13.49

284.03
156.81
36.59

194.64
185.03
12.08

(108

m3 )

Optimal
RBFNN (108 m3 )
Relative error (%)

4 Results and Discussion
4.1 Series Decomposition and Graphical Analysis
The annual runoff data from the original sequence, extension sequence, and standard sequence
was individually decomposed using CEEMDAN. Figs. 2–6 show the decomposition results, where
it can be seen that each sequence had four IMF components and one Res. Components of the
extension sequence and standard sequence only retained the data from 1963 to 2006, and the data
crippled by the endpoint effect at both ends was discarded. Moreover, the decomposition results
of standard sequences can serve as criteria for comparison without the extension error.
Fig. 2 shows that each runoff series had a similar IMF1 component with high-frequency
components that fluctuated over a quasi-periodicity of 2–5 years. The IMF1 component of the
unprocessed original sequence slightly diverged from the standard sequence at both ends. By
comparison, there was a more obvious separation between the extension sequence and standard
sequence on the left side, which reflected the effect of the extension error. The comparison showed
that the influence of the endpoint effect and the data extension on the decomposition accuracy
was not obvious for the IMF1 component.
In Fig. 3, the three sequences displayed a uniform quasi-periodicity of 4–8 years. The data in
the middle portions coincided, but both ends displayed a visible separation between the original
and standard sequences caused by boundary error. The IMF2 component of the extension series
was more accurate because the endpoint effect and extension error reflected in the IMF1 component were suppressed. Accordingly, it was concluded that the RBFNN extension improved the
precision of the IMF2 component at the ends.
As seen in Fig. 4, the endpoint effect significantly reduced the accuracy of the mediumfrequency IMF3 component. The fluctuation embodied in the original series was out of sync
with the standard sequence, especially at the right end, and the quasi-periodicity was obviously
larger. The decomposition result of the extension sequence remained consistent with the standard
variation tendency, and separated at the two ends with only a small deviation in amplitude. In
the IMF3 component, extending the original data effectively suppressed the error, and guaranteed
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the veracity of the information in the component, such as the quasi-periodicity of 9–16 years and
other volatility characteristics.

Figure 2: IMF1 of the three sequences decomposed by CEEMDAN

Figure 3: IMF2 of the three sequences decomposed by CEEMDAN
Fig. 5 illustrates how the end effect led to the distortion of the IMF4 component extracted
from the original sequence by CEEMDAN. The original sequence displayed the smallest amplitude and largest period, while the variation trend and the period of the extended sequence
was consistent with the standard sequence, although the oscillation amplitude attenuated slightly.
Consequently, in regard to the low-frequency IMF4 component, the RBFNN extension was still
able to suppress the boundary error, reliably retain the primary trend or period information, and
effectively reflect the amplitude within a certain degree.
As shown in Fig. 6, the three groups of residue all reflected a declining trend over an extended
time scale, with only differing rates and ranges of change. In the middle portion, the standard
sequence was closer to the extended data, while it was closer to the non-extended data at the
margin. The residue of the original sequence reflected periodic characteristics and suggested that
it may have a smaller period than the other series on a longer time scale.
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Figure 4: IMF3 of the three sequences decomposed by CEEMDAN

Figure 5: IMF4 of the three sequences decomposed by CEEMDAN

Figure 6: Res of the three sequences decomposed by CEEMDAN
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Based on the above comparison and analysis, it can be seen that the error caused by the
endpoint effect in CEEMDAN gradually propagated inward from the two ends as the decomposition proceeded. This then affected the decomposition result of the entire runoff series. The data
extension technology did not visibly enhance the accuracy of the IMF1 component and residue.
However, for other low and medium frequency components, the RBFNN extension significantly
weakened the interference of the endpoint effect, inhibited internal propagation of the boundary
error, improved the decomposition precision, and more accurately reflected the fluctuation characteristics in each time scale. At the end point in particular, the RBFNN extension truly revealed
the trend of the data and conveniently provided the runoff prediction.
4.2 Decomposition Accuracy
As previously stated, the decomposition results of the standard sequence and extended
sequence only retained data from the years contained in the original sequence, so that their lengths
were consistent. The decomposition result of the standard sequence was taken as the approximate
value, and R, MAE and R-squared were used to measure the errors of the other two series. Tab. 2
shows the decomposition results.
Table 2: The decomposition accuracy of the original runoff sequence and extended sequence for
IMF components 1–4 and the Res as quantified by RMSE, MAE and R-squared
Original sequence
IMF1
IMF2
IMF3
IMF4
Res

Extended sequence

RMSE

MAE

R-squared

RMSE

MAE

R-squared

3.59
4.17
6.19
9.64
6.41

2.35
2.49
4.44
8.12
5.94

0.99
0.98
0.73
0.83
0.97

3.64
2.15
3.19
3.90
5.64

2.01
1.60
2.29
3.56
5.04

0.99
0.99
0.94
0.97
0.98

As shown in Tab. 2, the decomposition accuracy of the extension sequence significantly
improved when the endpoint effect was inhibited. In the IMF1 component, both sequences had
high precision and there was no obvious advantage compared to data extension. Beyond that
point, Tab. 2 outlines some interesting discoveries. As the decomposition progressed, the RMSE
and MAE of IMF components 1–4 increased rapidly in the original series, and the error about
the low frequency component quickly became out of control compared to the standard sequence.
This eventually led to serious distortion of the decomposition results. The RMSE and MAE
of the extended sequence were relatively stable and maintained a low level. Thus, the error in
the low frequency component was effectively restrained. Regarding the Res component, although
the RMSE of the two sequences were both larger than most of the IMF components, the
decomposition accuracy of the extended sequence was still better. Of all the components, the
extension sequence displayed higher R-squared values, especially in components IMF3 and IMF4.
This indicated that its decomposition results more precisely reflected the fluctuation characteristics
of the runoff series on different time scales.
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4.3 Method Application
In order to verify the reliability of the above methods, we performed RBFNN extension and
CEEMDAN decomposition on the annual precipitation series of Dari stations. The extension
results are shown in Fig. 7 and Tab. 3, and the decomposition results are shown in Fig. 8
and Tab. 4.

Figure 7: Three sets of annual precipitation data. The measured data from 1962 to 2008 comprises
the original sequence. The RBFNN extension is the extension result of the original sequence and
combines them to create the extension sequence. The points of optimal extension use the measured
data from 1956 to 1962 and 2009 to 2015 in combination with the original sequence to get the
standard sequence

Table 3: The effect of the extension compared with the optimal value on both sides
Left (a)

1956

1957

1958

1959

1960

1961

1962

Optimal (108 m3 )
RBFNN (108 m3 )
Relative error (%)

523.53
535.76
2.34

494.31
481.53
2.59

575.66
595.90
3.52

432.19
485.14
12.25

532.20
540.06
1.48

590.70
497.59
15.76

475.70
577.79
21.46

Right (a)

2009

2010

2011

2012

2013

2014

2015

Optimal (108 m3 )
RBFNN (108 m3 )
Relative error (%)

602.30
520.44
13.59

571.20
607.84
6.41

561.27
564.72
0.61

643.98
609.64
5.33

585.01
538.40
7.97

634.43
601.61
5.17

536.44
550.66
2.65

It can be seen from the above that, although several points in the RBFNN extension deviated
from the optimal sequence, the effect of CEEMDAN decomposition is still significantly better
than that of the original sequence. Especially in Res component, the decomposition result of the
original sequence is obviously distorted and even negatively correlated with the standard sequence.
The trend of the extension sequence is consistent with the standard sequence and the endpoint
effect is effectively suppressed. In other components, the experimental results of rainfall data and
runoff data are similar, which verifies the reliability of the extension-decomposition method.
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Figure 8: Three sequences of precipitation data decomposed by CEEMDAN
Table 4: The decomposition accuracy of the original precipitation sequence and extended sequence
for IMF components 1–4 and the Res as quantified by RMSE, MAE and R-squared
Original sequence
IMF1
IMF2
IMF3
IMF4
Res

Extended sequence

RMSE

MAE

R

RMSE

MAE

R

3.93
5.76
11.32
8.34
8.25

4.72
3.87
7.07
6.97
6.54

0.98
0.97
0.95
0.93
−0.93

3.83
4.55
2.80
3.64
3.53

3.05
3.55
2.24
3.10
3.40

0.99
0.96
0.99
0.96
0.98

5 Discussion
According to the comparison and analysis above, the use of the RBFNN extension technique
to process the original data resulted in obvious improvement of the decomposition outcome. This
improvement was important to the enhancement of the reliability of the multi-time scale analysis
and runoff prediction.
From the perspective of the multi-time scale analysis, the endpoint effect disturbed the middle
to low frequency IMF components of the original annual runoff, and the undulation features
deviated significantly from the actual situation, causing distortion of information such as the
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amplitude and quasi-periodicity. The RBFNN extension for the runoff series increased the decomposition precision of the middle to low frequency components and maintained more authentic
evolution rules for runoff on medium to long time scales, and provided a reliable basis for cycle
identification and multi-time scale analysis in hydrologic research.
With regard to hydrological forecasting, utilization of the “decomposition–prediction–
reconstruction” principle for prediction was influenced by the variation tendency at the ends
of each component that guided the future direction and determined its prediction result. As
the decomposition of the original sequence proceeded, the error at the boundary in each component increased, and when coupled with the distortion of the fluctuation information, the
prediction accuracy decreased accordingly. Reconstruction of the prediction results will likely
result in error superposition, which makes it difficult to achieve the desired forecasting effect.
Hence, the use of data extension technology to improve the decomposition accuracy at the
endpoint of a sequence is of great significance to achieve more accurate predictions for the
“decomposition–prediction–reconstruction” method.
For other long hydrological data sequences, such as those composed of monthly or daily
runoff, discarding the data points at both ends can theoretically restrain the endpoint effect [28].
However, this method will lead to missing data at the endpoints that is important to hydrological
multi-time scale analysis and runoff forecasting. Deficient data at the right end makes the sequence
unable to express the fluctuation characteristics of recent stream flow, which makes it difficult to
provide assistance and guidance for current water resource utilization activities. In addition, a lack
of data at the endpoints makes the subsequent trend of the series difficult to judge, increases the
length of the prediction period, and reduces the accuracy of prediction. Extension of the runoff
data can not only reduce the impact of the end effect, but also retain the original information
at the endpoint, which is an ideal scheme for the improvement of the decomposition accuracy of
CEEMDAN.
In summary, when using the CEEMDAN method to decompose hydrologic time series, it is
necessary to extend the original sequence to improve the decomposition accuracy and improve the
results of the hydrological analysis and forecast.
6 Conclusions
When analyzing hydrological multi-time scale features or runoff predictions, direct use of
the CEEMDAN method to process nonlinear and non-stationary runoff sequences ignores the
influence of the endpoint effects on decomposition accuracy and reduces the reliability and
precision of the research. In this study, we adopted the RBFNN extension method to suppress
the endpoint effect. Through analysis of the decomposition results of annual runoff sequences
and annual precipitation sequences, we drew the following conclusions:
(1) In the CEEMDAN method, the endpoint effect caused decomposition errors. As the
decomposition proceeded, the error gradually propagated inward, which had a significant
impact on the accuracy of the middle and low frequency components, especially at the
endpoint, and resulted in information distortion.
(2) The RBFNN extension technique used on the original data improved the decomposition
accuracy of the low and medium frequency components and resulted in values similar to
the ideal results in terms of fluctuation period and amplitude. This indicated that the fluctuation characteristics were accurately maintained in each time scale and the hydrological
multi-time scale analysis was more realistic.
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(3) The extension sequence truly reflected the changing trend at the end of the components, which effectively guided their future direction. The utilization of the “extension–
decomposition–prediction–reconstruction” process assisted in the exact prediction of the
hydrologic time series.
Theoretically, the application of the “extension–decomposition–prediction–reconstruction”
process is to combine the advantages of the CEEMDAN method for processing nonlinear data
with the mature stationary sequence prediction technique to enhance the precision of complex
hydrologic series prediction. Next, we will select an appropriate data extension technology and
component prediction method to establish a new stream prediction model in order to achieve a
more accurate forecast.
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