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Abstract: Accurate and reliable prediction of dam deformation (DD) is of great significance to the
safe and stable operation of dams. In order to deal with the fluctuation characteristics in DD for more
accurate prediction results, a new hybrid model based on a decomposition-ensemble model named
VMD-SE-ER-PACF-ELM is proposed. First, the time series data are decomposed into subsequences
with different frequencies and an error sequence (ER) by variational mode decomposition (VMD),
and then the secondary decomposition method is introduced into the prediction of ER. In these
two decomposition processes, the sample entropy (SE) method is innovatively utilized to determine
the decomposition modulus. Then, the input variables of the subsequences are selected by partial
autocorrelation analysis (PACF). Finally, the parameter-optimization-based extreme learning machine
(ELM) models are used to predict the subsequences, and the outputs are reconstructed to obtain the
final prediction results. The case analysis shows that the VMD-SE-ER-PACF-ELM model has strong
prediction ability for DD. The model is then compared with other nonlinear and time series models,
and its performance under different prediction periods is also analyzed. The results show that the
proposed model is able to adequately describe the original DD. It performs well in both training
and testing stages. It is a preferred data-driven model for DD prediction and can provide a priori
knowledge for health monitoring of dams.

Keywords: dam deformation prediction; VMD; decomposition modulus selection; secondary
decomposition; extreme learning machine

1. Introduction

Dams can bring significant socio-economic benefits under safe operating conditions. In case of a
dam accident, there will be a huge disaster [1–3]. In fact, most dam accidents did not arise suddenly,
but went through a process from quantity to quality variation [4]. If we can establish suitable prediction
models for dam monitoring data and analyze them in a timely manner, potential problems in the
structural behavior of dams will be identified, thus avoiding accidents.

As the controlled indicator of dam safety monitoring, deformation monitoring data can objectively
reflect the structural state and the safety condition of dams, which are one of the important bases
for assessing the safety of dam projects [5]. During the actual service of a dam, the deformation
monitoring data are usually complex nonstationary and nonlinear time series. Therefore, it is an
important research topic to accurately predict dam deformation (DD) in the future by using historical
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deformation monitoring data [6,7]. Currently, the commonly used models for predicting DD are the
deterministic models, statistical models, neural network models, and hybrid models [7–13].

The deterministic models explain DD based on the physical laws of loads, material properties,
and stress–strain relationships [6,14], requiring as accurate as possible material parameters, geometry,
and operating conditions of the dam and its foundation, which are difficult to achieve in actual
engineering [15,16]. In contrast, a statistical model is more easily implemented [13]. It is a more
commonly used data-driven approach for DD monitoring [17]. Although the statistical model is
simple and effective, it cannot capture the nonlinear characteristics of the DD time series, thus affecting
the accuracy of deformation prediction [14]. In comparison, a neural network model has unique
advantages in dealing with nonlinear problems [18,19]. In the field of DD prediction, the neural network
models have good and robust prediction performance. This so-called ‘black box’ method can build a
data-driven model based on the historical deformation data of dams, thereby achieving high-precision
prediction of deformation without knowing detailed environmental information, avoiding complex
data handling and modeling processes. Among them, the artificial neural networks (ANN) [20] and
support vector machines (SVM) [21] are the most commonly used methods for the nonlinear problems.
However, these models have some limitations [5]. An ANN model based on gradient descent requires
multiple iterations to correct the relevant parameters, which is a time-consuming process and the
model tends to fall into local minima. Although an SVM overcomes the shortcomings of the ANN
model, its kernel function parameters are difficult to choose [1]. Therefore, in this paper, the extreme
learning machine (ELM) [22–24] with efficient regression capabilities is chosen as the basic model for
DD prediction to address the drawbacks of the above models [25,26]. It randomly generates connection
weights between the input and hidden layers and thresholds for neurons in the hidden layer without
adjusting during the training process. The conditions for the unique optimal solution of the ELM output
are the determined activation function and the hidden layer parameters. Compared with traditional
methods, ELMs have the advantages of fast learning speed and good generalization performance [27].

Although the ELM model has some advantages for handling nonlinear problems, the strong
volatility of the deformation data will undoubtedly have negative impacts on the prediction results.
Therefore, before predicting the DD, we need to preprocess the time series by signal decomposition
technique, which can extract useful information from the original data to improve the prediction
accuracy of data-driven models. Wavelet decomposition (WD) and empirical modal decomposition
(EMD) are two common signal decomposition techniques [1,28–31], and they are widely used in
the processing of strongly fluctuating data. However, they have certain drawbacks, such as the
difficulty in choosing wavelet bases and decomposition scales in wavelet transforms, and the basic
disadvantage of EMD is the lack of mathematical foundation. To address these issues, the variational
mode decomposition (VMD) [32] algorithm is introduced in this study. Compared with EMD, WD,
and other methods, VMD is an accurate mathematical model, which can decompose the original data
into a set of variational mode functions (VMFs) that fluctuate around the center frequency [33–35],
with better decomposition effect and higher robustness [36–38]. Currently, the contribution of VMD in
the field of prediction has now been confirmed by some scholars, such as energy power generation
prediction [39], carbon price prediction [40], runoff prediction [41], container throughput prediction [42]
and air quality index prediction [43]. However, to the best of the authors’ knowledge, the application
for DD prediction has not been extensively explored, so this study will provide a priori knowledge for
the utilization of VMD in dam safety monitoring.

In practical applications, the decomposition effect of VMD is affected by the decomposition
modulus K. If the K value is too small, the obtained VMFs will lose information; on the contrary, it will
lead to excessive decomposition and even make the decomposition results worse [44,45]. In paper [41],
the decomposition modulus was determined by central frequency. Here, we propose a more efficient
method for determining the decomposition modulus—sample entropy (SE) method. The SE can
characterize the complexity of the time series, and when the time series is perturbed and the uncertainty
of its state value increases, the value of the SE will also increase accordingly [46]. If two or more
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subsequences have similar SE values, modal confusion occurs in the decomposition. Therefore, in this
paper, we choose the maximum K value that allows a large difference between the SE values of any two
subsequences as the final decomposition modulus of the VMD. In addition, there is an error sequence
(ER) between the sum of the subsequences obtained by the VMD algorithm and the original sequence.
In other words, the sum of the VMFs is not equal to the original sequence [47]. Since the ER contains the
true fluctuation characteristics of the original sequence, considering only VMFs will not fully reflect the
randomness, which will lead to distortion of the prediction results to some extent. In this paper, the ER
of the DD after decomposition is extracted, and because the sequence is approximately noisy, it cannot
be modeled directly using the machine learning model to obtain good prediction results. To solve this
problem, the authors of paper [47] proposed the random number method for point prediction of ER,
but the uncertainty of the results obtained by this method is significant. Therefore, we innovatively
propose a VMD-based secondary decomposition for the ER in order to dig deeper into the temporal
features embedded in it. The results show that the prediction obtained by considering the ER is closer
to the observed values and has more practical engineering significance.

In summary, a hybrid model, namely VMD-SE-ER-PACF-ELM, for the DD prediction is proposed,
which makes full use of the advantages of the VMD, SE, PACF, and ELM neural network. First,
the VMD-SE model is used to decompose a deformation sequence into K VMFs with good characteristics
and an ER. For the ER, the same method is used to obtain a series of subsequences. Secondly, the partial
autocorrelation function (PACF) method is used to determine the input variables of the subsequences.
Then the ELM models corresponding to each subsequence is trained in the machine-learning process.
Finally, the ELMs are applied to the corresponding subsequences, and the sum of the prediction results
of each component is the final result of the DD prediction. Meanwhile, comparisons are made between
the model and other prediction models, while validating it through different prediction periods.

The rest of this paper is organized as follows: Section 2 briefly introduces the methods mentioned
above. In Section 3, the proposed model and performance evaluation indicators are introduced. Then,
in Section 4, a case study and discussion of the results are presented, and Section 5 presents the
conclusions of the study.

2. Methodology

2.1. VMD Based Decomposition Method

VMD is a completely new, non-recursive signal decomposition method proposed by
Dragomiretskiy et al. in 2014 [32]. It can decompose any signal f (t) into K modal components
uk around the center frequencyωk. For the VMD algorithm, the signal decomposition process is solving
a variable division problem, which is modeled as follows

min
{uk}, {ωk}

=

{∑
k

∣∣∣∣∣∣
∣∣∣∣∣∣∂t

[(
δ(t) + j

πt

)
uk(t)

]
∗ e− jωkt

||
2
2

}
∑
k

uk = f
(1)

where {uk} = {u1, u2, · · · uk} are the K modal components, {ωk} = {ω1,ω2 · · ·ωk} are the center frequency
of each modal component, f is the original signal, and δt is the pulse function. In order to obtain the
optimal solution of the constrained variational problem, the Lagrange multiplication operator λ(t) and
the quadratic penalty factor a are introduced to transform the constrained variational problem into an
unconstrained variational problem. The extended Lagrange function is expressed as

L({uk}, {ωk},λ) = a
∑
k
||∂t

[(
δ(t) + j

πt

)
uk(t)

]
∗ e− jωkt

||
2
2 + || f (t) −

∑
k

uk (t)
∣∣∣∣∣∣2

2 + 〈λ(t), f (t) −
∑
k

uk(t)〉 (2)

The optimal solution of Equation (2) is obtained by updating un+1
k , ωn+1

k and λn+1
k with alternating

direction operator multiplication algorithm. The iterative equations are as follows
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ûn+1
k (ω) =

f̂ (ω) −
∑

i<k ûn+1
i (ω) + λ̂n(ω)/2

1 + 2a
(
ω−ωn

k

)2 (3)

ωn+1
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∫
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(4)

λ̂n+1(ω) = λ̂n + τ( f̂ (ω) −
∑

k

ûn+1
k (ω)) (5)

In Equations (3)–(5), ûn+1
k (ω), f̂ (ω) and λ̂n+1(ω) represent the Fourier transforms corresponding

to un+1
k (ω), f (ω) and λn+1(ω) respectively. The constraints for iterative stop are∑

k

∣∣∣∣∣∣ûn+1
k − ûn

k ||
2
2

||ûn
k ||

2
2

< ε (6)

Above all, the specific procedures of VMD are shown in Figure 1.
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Figure 1. Specific procedures of variational mode decomposition (VMD).

2.2. SE Based Modulus Selection Method

When using the VMD algorithm, the decomposition modulus can be set in advance. By setting
reasonable convergence conditions, the computational complexity of the model can be effectively
reduced [41]. A new method for determining the modulus K using the SE values of the VMFs is
proposed. The concept of SE was introduced by Richman et al. in 2000 [48], and it is used to evaluate
the complexity of time series. The higher self-similarity of the time series means the smaller SE value,
and vice versa [49]. After the decomposition of the DD time series, a number of subsequences and
their corresponding SE values can be obtained. If there are two or more subsequences with similar SE
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values, it is assumed that over-decomposition occurs, which leads to modal confusion; if the SE values
of the VMFs are quite different from each other, the maximum K value that allows this state should be
selected as the final decomposition modulus to avoid under-decomposition of the VMD. The specific
process of SE is illustrated in Figure 2.
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In Figure 2, Equations (7)–(9) are as follows

Bm
i (r) =

number o f X( j) such that d[X(i), X( j)] ≤ r
N −m

, i , j (7)

Bm(r) = (N −m + 1)−1
N−m+1∑

i=1

Bm
i (r) (8)

SE = − ln
[
Ak(r)/Bm(r)

]
(9)

where m is an integer that represents the length of the comparison vector, r is a real number
indicating the measure of similarity, X(i) = [u(i), u(i + 1), · · · , u(i + m− 1)], d[X, X∗] is defined as
d[X, X∗] = max

∣∣∣u(a) − u ∗ (a)
∣∣∣, X , X∗, u(a) is the element of vector X, d represents the distance between

vectors X(i) and X( j), and the value of j is in the range [1, N −m + 1] .
As shown in Figure 2, the values of m and r need to be determined before calculating the SE.

Typically, values of the embedding dimension m are taken as 1 or 2. The selection of a similar tolerance
r depends largely on the practical application scenario, usually = 0.1 ∗ std ∼ 0.25std, where std is the
standard deviation of the original data. In the paper, set m = 2 and r = 0.2 ∗ std.

2.3. PACF Based Input Selection Method

Due to the different fluctuation characteristics of the DD at different periods, the correlations of
the K VMFs obtained by the above method also vary. Therefore, before predicting each component,
we need to analyze the correlation of each VMF, and then the optimal input variables for the ELMs can
be selected. Here, the PACF method is used to evaluate the correlations and selection results of the
components [50].
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Assume that Xt is the output variable, and if the lag autocorrelation length value of Xt−a falls

at the 95% confidence interval
[
−

1.96
√

n
, 1.96
√

n

]
for the first time, and there are no obvious outliers after

it. At this time, (a− 1)d is selected as the delay time value of the corresponding time series. PACF is
described below.

For DD time series, the covariance γ̂a at lag a is expressed as

γ̂a =
1
n

n−a∑
t=1

(xt − x̂)(xt+a − x), (a = 1, 2, · · · , M) (10)

where x is the mean value of the time series and M is the largest lag coefficient, a is the lag length of the
autocorrelation function, and ρ̂a can be estimated as follows

ρ̂a = γ̂a/γ̂0 (11)

For PACF at lag a, the faa is presented as follows
f̂11 = ρ̂1

f̂a+1,a+1 =
(
ρ̂a+1 −

∑a
j=1 ρ̂a+1− j f̂aj

)
/
(
1−

∑a
j=1 ρ̂ j f̂aj

)
f̂a+1, j = f̂aj − f̂a+1,a+1 f̂a,a− j+1

, ( j = 1, 2, · · · , a) (12)

where 1 ≤ a ≤M.

2.4. ELM-Based Prediction Model

The ELM model is chosen as the core model for DD prediction in this paper, and its structure is
shown in Figure 3. It is a new type of feedforward neural network [22]. Compared with the traditional
single hidden layer feedforward neural networks (SLFNs), ELM has some significant advantages,
such as fast training speed, good generalization ability, and few adjustable parameters. Its specific
principles are as follows
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Given a Q-group sample (xn, tm), where xn =
[
xn1, xn2, . . . , xnQ

]T
and tm =

[
tm1, tm2, . . . , tmQ

]T
.

Assume that the activation function of the hidden layer neurons is g(x), the output vector of the
network is as follows

T =
[
t1, t2, . . . , tQ

]
m.Q

(13)

t j =
[
t1 j, t2 j, . . . , tmj

]T
=

l∑
i=1

βimg(ωixi + bi) ( j = 1, 2, . . . , Q) (14)
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where bi denotes the threshold of the ith neural node of the hidden layer, ωi = [ω1i,ω2i, . . . ,ωmi]
T

is the weight of the ith neural node, and βi = [β1i, β, . . . , βmi]
T is the weight of the ith neural node.

Equation (13) can be described as Equation (15)

Hβ = T′ (15)

where H is the hidden layer output matrix, which can be represented by Equation (16)

H
(
ω1,ω2, . . . ,ωl, b1, b2, . . . , bl, x1, x2, . . . , xQ

)
=


g(ω1·x1 + b1) · · · g(ωl·x1 + bl)

... · · ·
...

g
(
ω1·xQ + b1

)
· · · g

(
ωl·xQ + bl

)
 (16)

According to the ELM theorem, if l = Q, for arbitrary ω and b, Equation (17) can be obtained

Q∑
j=1

∣∣∣∣∣∣t j − y j
∣∣∣∣∣∣ = 0 (17)

where y j =
[
y1 j, y2 j, · · · , ymj

]T
( j = 1, 2, · · · , Q). When Q is large, l is usually less than Q in order to

reduce the amount of computation, which means that the ELM training error can be approximated to
an arbitrary number ε > 0.

Q∑
j=1

∣∣∣∣∣∣t j − y j
∣∣∣∣∣∣ < ε (18)

The connection weight β can be obtained as follows

min
β

∣∣∣∣∣∣Hβ− T′
∣∣∣∣∣∣ (19)

Its solution can be expressed as Equation (20)

β̂ = H+T′ (20)

where H+ is the generalized inverse Moore-Penrose matrix of the H matrix.
In summary, the ELM model does not require iterative corrections to weights and thresholds, and

it outperforms conventional SLFNs.

3. DD Prediction Model and Performance Evaluation Indicators

3.1. The Hybrid DD Prediction Model

In this section, we develop a new hybrid model for DD prediction based on VMD-SE-ER-
PACF-ELM. The detailed steps of the proposed model are shown in Figure 4.

3.2. Performance Evaluation Indicators

In this paper, three evaluation indicators and the Taylor diagram are presented to evaluate the
performance of the proposed model.

1. Root mean square error (RMSE) RMSE is used to characterize the overall prediction precision.

RMSE =

√√
1
n

n∑
i=1

(
y(i) − yp(i)

)2
(21)
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where yp(i) is the predicted value, y(i) is the measured value, n is the length of testing set, and
RMSE ∈ (0, +∞). The prediction accuracy of the model is inversely proportional to the value of
RMSE;

2. Average absolute error (MAE) The MAE visually represents the loss value of the prediction results.

MAE =
1
n

n∑
i=1

∣∣∣y(i) − yp(i)

∣∣∣ (22)

The magnitude of the MAE value has the same relationship with prediction accuracy as the RMSE;
3. Determination coefficient (R2). The R2 can be used to describe the correlation between two or

more variables. If the correlation between the predictions and the original sequence is poor, the
model is unreliable even if the values of RMSE and MAE are small.

R2 =
n∑

i=1

yp(i) −
1
n

n∑
i=1

y(i)

2

/
n∑

i=1

y(i) −
1
n

n∑
i=1

y(i)

]2 (23)

where R2
∈ (0, +∞), and the strength of the correlation is proportional to the value of R2;

4. Taylor Diagram A Taylor diagram can provide a visual framework for comparing the prediction
results of a model to a reference model. It can represent the relevant information of various
prediction models in a centralized way, which fully and clearly reflects the prediction capabilities
of different models. Taylor diagrams have been widely adopted in recent years as an effective
method for assessing the predictive ability of different models.
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4. Case Study

4.1. Description of the Dam Project and Datasets

A Roller Compacted Concrete (RCC) gravity dam is located in southeast China. The dam crest
elevation is at 634.40 m and the maximum height of the dam is 72.40 m. The length and width of the
dam crest are 206.00 and 7.50 m, respectively. The upstream face of the dam body is vertical, and the
downstream face of the retaining dam section has a dam slope of 1:0.72. The overflow dam section
is located in the middle of the dam, and the weir crest elevation is at 621.00 m, with three overflow
surface holes and three 12 × 12 m curved gates set (Figure 5).
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This paper mainly studies the horizontal displacement of the top of the RCC gravity dam. A gravity
dam has the characteristic of ensuring a stable state by the own gravity of the dam and cohesion with
foundation. Therefore, dam failures are often the results of overtopping and penetration cracks in a
section of the dam, which can be directly identified by the horizontal displacement. The displacement at
the top of the dam is the most obvious and reflective of the deformation of the whole dam section, so the
horizontal monitoring system of gravity dams is usually arranged at the top of the dam. Therefore,
in this study, the horizontal displacement at the top of the dam is modeled and analyzed in order to
verify the correctness of the proposed model.

The horizontal displacement of the dam is measured by the tension wire alignment system,
with one measurement point arranged in each dam section (Figure 5). The measurement point of the
monitoring system is shown in Figure 6. For gravity dams, the middle dam section is generally the
most important section of the dam and is often studied as a typical dam section, so the monitoring
data related to horizontal displacements at the EX5 measurement point on the 4th dam section are
selected for analysis (to the left bank is positive, to the right bank is negative).

For the horizontal displacement monitoring data at EX5, 739 daily observations from 6 June 2016
to 22 October 2018 were selected as the research object, and the missing values and outliers during
this period were pre-processed. The monitoring data were divided into training set F (1st–709th
measurements) and testing set T (710th–739th measurements). The processed data series is shown in
Figure 7.

4.2. Data Decomposition

As can be seen in Figure 4, prior to VMD decomposition, the decomposition modulus should first
be determined so that the characteristics of the original data can be fully extracted, which is essential
for the application of VMD. We propose a new method for determining the optimal K value by the
variation in the SE values of the subsequences. The SE values of VMF subsequences at different K
values and their curves are shown in Table 1 and Figure 8, respectively.
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Table 1. SE values of VMF subsequences at different K values.

K SE Values

VMF1 VMF2 VMF3 VMF4 VMF5 VMF6 VMF7 VMF8

4 0.0590 0.2356 0.4641 0.5840 / / / /
5 0.0587 0.1958 0.4576 0.5857 0.6901 / / /
6 0.0598 0.1442 0.5054 0.6155 0.5364 0.6868 / /
7 0.0600 0.1225 0.5359 0.6148 0.5419 0.6741 0.8714 /
8 0.0586 0.1044 0.4989 0.5433 0.5648 0.5801 0.6875 0.8092

Obviously, when K = 5, the SE values for VMFs show a monotonically increasing trend and the
difference between the SE values of the two subsequence is relatively large. When the K value increases
to 6–8, it can be seen from Figure 5 that the SE curves corresponding to the above values (K = 6–8)
have similar results at both VMF3 and VMF5 points, which will lead to modal confusion, implying that
the VMD is over-decomposed. Meanwhile, the decomposition will be insufficient if the value of K
decreases. Therefore, in this case, K = 5 is the best value for VMD decomposition, and the results are
shown in Figure 9. The built-in parameters of the VMD algorithm are shown in Table 2.
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Table 2. Parameters of VMD algorithm used in our case.

Parameters α τ K DC init tol

Values 2000 0 5 0 1 1 × 10−7
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4.3. Input Selection by PACF

After decomposing the DD sequence in the previous section to obtain the five VMFs, it is necessary
to establish ELM prediction models for these five subsequences separately. Prior to this, input variables
of ELMs should be determined with the PACF method according to Section 2.3. Figure 10 shows the
corresponding PACF results for each VMF, and the best input variables for each VMF are shown in
Table 3.
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Table 3. The input variables of each VMF.

Series Numbers of Input Input Variables

VMF1 5 xt−1 ∼ xt−5
VMF2 5 xt−1 ∼ xt−5
VMF3 9 xt−1 ∼ xt−9
VMF4 4 xt−1 ∼ xt−4
VMF5 6 xt−1 ∼ xt−6

Take VMF1 as an example to illustrate how to select the input variables through the PACF results
in Figure 10. For VMF1, the PACF value falls at the 95% confidence interval when the lag is 6d, so the
input variables corresponding to VMF1 are the five values between (t − 5)d and (t − 1)d, and the
output variable is the value of td. In order to guide the operation of the dam more comprehensively,
the proposed model is also analyzed for different prediction periods (td, (t + 3)d and (t + 6)d) in this
study. Taking VMF1 as an example, the specific process of implementation is illustrated in Figure 11.
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4.4. Determination of the ELM Structure Frameworks

After determining the input variables of the VMFs, we need to build an ELM-based, data-driven
prediction model for each subsequence. Due to the stochastic nature of the ELM models, the ELM
prediction results in this paper are based on the average of ten calculations with the removal of four
outliers. During the prediction process, a corresponding ELM model is established for each subsequence,
so that the number of the ELMs and the decomposition modulus are consistent. The output of each
ELM represents the predicted results of the corresponding VMF, and the final prediction result is
obtained by summing the predictions of all ELMs.

Since the prediction accuracy of ELMs will directly affect the prediction accuracy of the model, the
selection of appropriate ELM parameters is crucial. The ELM model has two adjustable parameters,
g(x) and l, mentioned in Section 2.4. Sigmoid function is chosen as the g(x) in this study. Meanwhile,
the performance of an ELM model also depends on l, which can be obtained by Equation (24) as the
ELM belongs to SLFNs.

l = round
(√

n + m + rand(1 ∼ 10)
)

(24)

In this study, n and m represent the number of input and output variables determined in Section 4.3,
respectively. Since the original displacement sequence is decomposed into five VMFs, correspondingly,
five ELM prediction models will be constructed. Equation (24) has given the method of determining the
number of hidden layer neurons, and thus the structural framework of each ELM can be determined,
expressed as ‘n − l −m’. Take VMF1 as an example to illustrate the determination process of the
ELM structural framework: the initial ELM structural framework of VMF1 is ‘5-l-1’. According to
Equation (24), the best l of the model is located at interval [3,12] or its neighboring values, and ten
operations are performed for different hidden layer neurons to calculate each performance indicators.
The results show that when l = 10, the learning performance of the ELM is the best, so that the structure
framework of the ELM model corresponding to VMF1 can be determined as ‘5-10-1’. The ELM structure
frameworks of VMF2-VMF5 can be obtained by the same method, as shown in Table 4.

Table 4. ELM structure framework of each VMF.

Prediction Model n−l−m

ELMVMF1 5-10-1
ELMVMF2 5-12-1
ELMVMF3 9-15-1
ELMVMF4 4-10-1
ELMVMF5 6-12-1
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4.5. Results and Discussion

4.5.1. Construction of the VMD-SE-PACF-ELM Model

The ELM models with different structural frameworks are used to train and predict the VMF
components separately, and then overlay the prediction results of each component to complete the
construction of the VMD-SE-PACF-ELM model. During the prediction process, the result of each step
are used to predict the next value until the 30th prediction result is obtained (Figure 11). The training
and prediction results for each VMF are shown in Figures 12 and 13, respectively. The yellow areas in
Figure 13 represent the absolute residuals of the prediction results.

It can be seen from Figures 12 and 13 that the VMF1, VMF2 and VMF3 components have good
fitting capability and low prediction error. In comparison, the fitting and prediction results for VMF4
and VMF5 are somewhat different from the actual values near the curve inflection points, but the
overall results are consistent with the trend of the actual values. Therefore, it can be initially concluded
that the use of the VMD algorithm can effectively decompose the DD fluctuation information, thereby
improving the prediction performance of the model. Here we use RMSE, MAE and R2 to quantify the
performance of the training and testing phases of ELMs, as shown in Table 5. Obviously, ELMVMF1

has the smallest RMSE and MAE values and the largest R2 value in the training and testing phases,
followed by ELMVMF2 and ELMVMF3, and these three sub-models all show strong performance.
ELMVMF4 and ELMVMF5 have relatively large errors during the training and testing phases, but their
predictive accuracy is still at a high level so it does not affect the overall performance of the model.
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Table 5. Evaluation indicators of training and testing set for each sub-model.

Prediction Model Training Set Testing Set

RMSE MAE R2 RMSE MAE R2

ELMVMF1 0.0014 0.0011 0.9998 0.0262 0.0201 0.9906
ELMVMF2 0.0015 0.0013 0.9980 0.0431 0.0366 0.9542
ELMVMF3 0.0026 0.0020 0.9989 0.0764 0.0580 0.9820
ELMVMF4 0.0047 0.0035 0.9972 0.1339 0.1034 0.9105
ELMVMF5 0.0056 0.0042 0.9841 0.0843 0.0603 0.7465

VMD-SE-PACF-ELM / / / 0.2996 0.2343 0.8722

To further illustrate the necessity of using the VMD decomposition algorithm in the prediction
process of the ELM model, Figure 14 shows the prediction results and evaluation indicators before and
after VMD optimization. In Figure 14, ‘VMD Optimized ELM’ represents the VMD-SE-PACF-ELM
model, and ‘PACF-ELM’ represents the ELM model based on PACF to determine input variables.
The left side of the figure is a bar graph of the performance evaluation indicators (RMSE, MAE and R2)
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of the two models, and the right side is the graph of the predicted results. Obviously, the deformation
prediction result of the ELM model optimized based on the VMD algorithm has smaller RMSE and
MAE as well as a larger R2 compared to the single ELM model. Combined with the prediction curves,
the following conclusions can be obtained: if the ELM model is used directly to predict the deformation
time series with strong fluctuation characteristics, it is not possible to get accurate prediction results;
however, the prediction results of the VMD-optimized ELM model are closer to the real values of the
DD, which means that the VMD algorithm can decompose the original deformation series into several
subsequences with good deformation characteristics. The prediction performance of the model will be
greatly improved by modeling and predicting each subsequence.
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4.5.2. Prediction Results Considering the ER

Although the VMD-SE-PACF-ELM model greatly improves the prediction performance,
its prediction results fail to show the fluctuation characteristics of the DD well. Considering that
the ER obtained after VMD decomposition contains some of the fluctuation characteristics of the original
sequence, it is necessary to extract the sequence and to explore and analyze the deformation features
embedded in it. Due to the strong nonlinearity and nonstationarity of the ER, direct modeling and
prediction of it with the ELM model will lead to the prediction results being messy and impractical.
Therefore, we propose to perform a secondary decomposition of the ER by the VMD algorithm to
obtain subsequences with relatively stable deformation characteristics, which are recorded as ER-VMFs.
Just like the original sequence, the decomposition modulus of the ER is first determined by the SE
method. By analysis, the optimal decomposition modulus of ER is 2, and the obtained subsequences are
denoted as ER-VMF1 and ER-VMF2. PACF analysis is then performed for each ER-VMF to determine the
input variables for the prediction model. The specific analysis process of the ER is shown in Figure 15.

As can be seen in Figure 15, the VMD-decomposed ER is able to achieve better prediction results.
The prediction results of the proposed model can be obtained by summing it up with the prediction
results of the VMD-SE-PACF-ELM model. The prediction results and evaluation indicators of the
models before and after considering ER are shown in Figure 16. The left side of the figure is a bar
graph of the performance evaluation indicators (RMSE, MAE and R2), and the right side is a graph of
the predicted results.

From Figure 16, the following conclusion can be drawn: the prediction results of the model
without considering ER can reflect the overall trend of the time series, but cannot well capture the
fluctuation characteristics of the original data. Through the analysis of ER, the prediction results of the
hybrid model not only become more accurate, but also better reflect the fluctuation characteristics of
the DD. Therefore, the analysis of ER has practical engineering significance.
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4.5.3. Comparison with Other Benchmark Models

To further verify the superiority of the VMD-SE-ER-PACF-ELM model, its performance is
compared with that of some benchmark models in this section. In addition to PACF-ELM and
VMD-SE-PACF-ELM prediction models, three other DD prediction models, namely EMD-PACF-ELM,
hydrostatic-seasonal-time (HST)-ELM and Arima models, are established. The EMD-PACF-ELM
model can be used to verify that the VMD algorithm outperforms the EMD algorithm in DD prediction;
the HST-ELM model can validate that the performance of the DD prediction model based on VMD
decomposition is better than the ELM model based on statistical optimization, and the Arima model
can demonstrate that the proposed model outperforms traditional time series prediction method in
terms of prediction accuracy. The prediction results and performance evaluation indicators of each
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model are shown in Figure 17, where the bar graph of the performance evaluation indicators of each
model is shown on the left and the curve of the prediction results is shown on the right.
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As can be seen in Figure 17, both the evaluation indicators and the prediction curves show that
Arima has the worst performance. In contrast to Arima, the prediction performance of the HST-ELM
model is significantly better. Another important conclusion of Figure 17 is that the prediction results
of the models combined with the signal decomposition methods (EMD, VMD) always outperform
the other models. Meanwhile, the VMD-SE-ER-PACF-ELM model outperforms the EMD-PACF-ELM
model, which indicates that the VMD algorithm used in this study to pre-process the deformation
sequence is better than the EMD algorithm. Bar and curve graphs can provide a visual assessment of
the prediction ability of the models and the correspondence between the observations and the model
predictions. However, performance evaluation indicators can more accurately quantify the predicted
performance of each model. Table 6 shows the performance evaluation indicators for the six models
including PACF-ELM and VMD-SE-PACF-ELM.

Table 6. Evaluation indicators of different prediction models.

RMSE MAE R2

Arima 0.5955 0.4320 0.6259
PACF-ELM 0.5630 0.4085 0.6888
HST-ELM 0.4400 0.2862 0.8047

EMD-PACF-ELM 0.3341 0.2686 0.8398
VMD-SE-PACF-ELM 0.2996 0.2343 0.8722

VMD-SE-ER-PACF-ELM 0.2755 0.2087 0.8912

The RMSE values of each model are: 0.2755 (VMD-SE-ER-PACF-ELM), 0.2996 (VMD-SE-PACF-ELM),
0.3341 (EMD-PACF-ELM), 0.4400 (HST-ELM), 0.5630 (PACF-ELM) and 0.5955 (Arima). Compared to
other models, the RMSEs of the VMD-SE-ER-PACF-ELM model are reduced by 8.04%, 17.54%, 37.39%,
51.07% and 53.74%, respectively. Meanwhile, the values of MAE are: 0.2087 (VMD-SE-ER-PACF-ELM),
0.2343 (VMD-SE-PACF-ELM), 0.2686 (EMD-PACF-ELM), 0.2862 (HST-ELM), 0.4085 (PACF-ELM) and
0.4320 (Arima). The MAE values of the proposed model are reduced by 10.93%, 22.30%, 27.08%, 48.91%
and 51.69%, respectively, compared to other models. The above results are consistent with the relatively
high R2 values (0.8912 for the VMD-SE-ER-PACF-ELM, 0.8722 for the VMD-SE-PACF-ELM, 0.8398 for the
EMD-PACF-ELM, 0.8047 for the HST-ELM, 0.6888 for the PACF-ELM and 0.6259 for the Arima model).
Compared to other models, the R2 value of the proposed model in this paper has increased by 2.18%,
6.12%, 10.75%, 29.38% and 42.39%, respectively. Through calculation and comparison of the performance
evaluation indicators of various models, we find that the VMD-SE-ER-PACF-ELM model is superior to all
the other models in the performance of DD prediction.

Furthermore, Figure 18 shows the Taylor diagram of the prediction performance of each model.
It is clear that Arima has the worst prediction performance and HST-ELM outperforms the traditional
time series prediction method. In addition, the prediction performance of the ELM model optimized
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based on the decomposition algorithm is generally better than that of the model not optimized by this
method, which indicates that the use of the decomposition algorithm to pre-process original sequences
is an efficient method to optimize the prediction of DD. Among the different decomposition algorithms,
VMD outperforms EMD and the consideration of the ER enables prediction results closer to the true
values, which are consistent with the conclusions in Figure 17 and Table 6.
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4.5.4. Performance of Different Prediction Periods Based on the Proposed Model

In summary, the proposed model has the smallest RMSE and MAE values and the largest R2

value, and the prediction performance of the model is satisfactory. However, in the DD prediction,
in addition to the prediction accuracy, the length of prediction period is also important to guide the
normal and stable operation of a dam. In this section, we mainly discuss the influence of different
prediction periods (1-, 4- and 7-day ahead) on the prediction performance of the proposed model.
The specific implementation process for different periods is shown in Figure 11. The prediction results
and performance evaluation indicators for each period are shown in Figure 19, where the bar graph of
performance evaluation indicators for each model is shown on the left and the curves of prediction
results is shown on the right. It is clear from Figure 19 that the VMD-SE-ER-PACF-ELM model is the
most effective when the prediction period is one day, followed by the next best when the prediction
period is four days, and the worst when the prediction period is seven days.
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To further compare the impact of prediction periods on the results, Table 7 presents the performance
evaluation indicators of the predicted results for the corresponding periods. Their RMSE values are:
0.2755 (1d), 0.4198 (4d) and 0.4547 (7d). The RMSE values of one-day prediction period are reduced by
34.37% and 39.41%, respectively, compared to the other two periods. Meanwhile, the values of MAE
are: 0.2087 (1d), 0.3140 (4d) and 0.3063 (7d). The MAE values of one-day prediction period are reduced
by 33.54% and 31.86%, respectively, compared to the other two periods. The above results are consistent
with the relatively high R2 values (0.8912 for 1d, 0.8130 for 4d, and 0.7047 for 7d). Compared to other
two periods, the R2 value of one-day prediction period has increased by 9.62% and 26.47%, respectively.
By calculating and comparing the performance evaluation indicators for each projection period, it can
be concluded that the longer the prediction period, the worse the overall prediction performance of
the model.

Table 7. Evaluation indicators of different prediction periods.

RMSE MAE R2

1-day ahead 0.2755 0.2087 0.8912
4-day ahead 0.4198 0.3140 0.8130
7-day ahead 0.4547 0.3063 0.7047

In addition, Figure 20 shows the Taylor diagram of prediction performance for different periods.
Obviously, the model has the best prediction performance when the period is one day. When the
period is seven days, the prediction result is the farthest from the true value and the performance is the
worst. They are consistent with the conclusions drawn in Figure 19 and Table 7. Therefore, when using
the VMD-SE-ER-PACF-ELM model to predict the DD in actual projects, the prediction period should
be shortened as much as possible in order to obtain higher prediction performance.
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5. Conclusions

In order to improve the prediction performance of nonstationary DD, a novel hybrid model based on
the decomposition-composition framework is proposed, namely VMD-SE-ER-PACF-ELM. The details
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are as follows: (1) The VMD algorithm is used to decompose an original deformation sequence into a
number of subsequences with good characteristics to improve the prediction performance. (2) The
SE method is used to quantify the complexity of each subsequence in order to select the appropriate
decomposition modulus. (3) The secondary VMD decomposition of the ER enables the prediction
value to be closer to the actual deformation characteristics. (4) The PACF method is used to analyze
the characteristics of each subsequence to extract the input variables. (5) The ELM models are used to
predict the subsequences and their combination is the final prediction result. Meanwhile, the prediction
performance of the VMD-SE-ER-PACF-ELM model is compared with those of Arima, PACF-ELM,
HST-ELM, VMD-PACF-ELM, and VMD-SE-PACF-ELM models with RMSE, MAE, R2, and Taylor
diagrams as performance evaluation indicators.

The results show that the proposed VMD-SE-ER-PACF-ELM model has the best prediction
performance among all prediction models. It can effectively predict nonstationary and nonlinear
time series and significantly improve the prediction accuracy. In addition, we have also analyzed its
performance under different prediction periods. The results show that the length of the prediction
period is inversely proportional to the prediction accuracy, which can provide a priori knowledge for
the normal operation and early warning of the dam projects.

Although the proposed method has good prediction results, there are still certain prediction errors.
In this paper, the uncontrolled errors due to the randomness of the ELM model is the main cause of the
prediction errors, which needs to be addressed in our future research. In addition, the idea of spatial
relationships between the measurement points [51] will be introduced into the prediction to analyze
the overall deformation effect of dams.
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