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Abstract: An accurate dam deformation prediction model is vital to a dam safety monitoring system,
as it helps assess and manage dam risks. Most traditional dam deformation prediction algorithms
ignore the interpretation and evaluation of variables and lack qualitative measures. This paper
proposes a data processing framework that uses a long short-term memory (LSTM) model coupled
with an attention mechanism to predict the deformation response of a dam structure. First, the
random forest (RF) model is introduced to assess the relative importance of impact factors and screen
input variables. Secondly, the density-based spatial clustering of applications with noise (DBSCAN)
method is used to identify and filter the equipment based abnormal values to reduce the random
error in the measurements. Finally, the coupled model is used to focus on important factors in the
time dimension in order to obtain more accurate nonlinear prediction results. The results of the case
study show that, of all tested methods, the proposed coupled method performed best. In addition, it
was found that temperature and water level both have significant impacts on dam deformation and
can serve as reliable metrics for dam management.

Keywords: dam deformation; attention mechanism; long short-term memory; dam safety monitor-
ing; prediction

1. Introduction

As a crucial social engineering infrastructure, dams must be operated safely to guar-
antee the needs of a steadily growing national economy are met. Unfortunately, due to
the inherent physical limitations of dam materials, dams often have unhealthy structural
responses such as dam body cracking and abnormal deformation [1]. In order to reduce the
probability of engineering failures, most dams are equipped with precise health monitoring
systems to evaluate their operational behavior and health through real-time measurements
of multiple structural and environmental indicators. Among the many monitoring indi-
cators, dam deformation is easy to measure and intuitively reflects the overall structural
response state [2]. In order to improve the effectiveness of management strategies, research
focused on accurately predicting dam deformation has increased in recent years. This area
of research commonly uses simulations, and the most commonly used forecasting models
can be categorized as mathematical statistical models or artificial intelligence models.

Hydrostatic-seasonal-time (HST) can be considered a representative flagship statis-
tical regression model, it quantitatively interprets the influencing factors behind dam
deformation based on the assumptions of mechanical theory and, then, performs a lin-
ear approximation fitting using the observed data. It was originally proposed by Willm
et al. [3] to forecast deformation of concrete dams and has since been widely implemented.
However, there is a strong correlation between dam water level and ambient temperature,
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which directly influences environmental loads and dam integrity, but the HST model does
not consider local air temperature, which will be detrimental to the prediction accuracy
under extreme weather conditions. To make up for these shortcomings, Penot et al. [4]
proposed the hydrostatic-seasonal-time-temperature (HSTT) model by correcting the ther-
mal component based on the actual air temperature. Another common approach has
been to replace the thermal component with the actual temperature inside dams, which
prompted the advent of the hydrostatic-thermal-time (HTT) model. Mata et al. [5] used a
combined principal component analysis (PCA) method to include dam temperature in the
model construction and applied the HTT model to explain the observed displacement of a
concrete dam more accurately and with a lower residual standard deviation. In addition,
there is a certain delay before a dam responds to changes in load, this can be observed in
the influence of water level on pore water pressure and temperature on the thermal field
of dams. The most popular solution is to add moving averages or gradients of original
variables to the model to supplement the delayed information. For example, Popovici
et al. [6] added the moving averages of air temperature for the previous 3, 10, and 30 days
and the water level for the previous 3 days as variables to improve the performance of the
dam deformation prediction model.

Mathematical statistical models generally output linear relationships between impact
factors and target variables. The coefficients are determined by the least squares method
using a building process that is simple and easy to understand. However, in practice,
the relationship between dam deformation and impact factors is rarely linear and the
capacity of the above models to capture nonlinear features and generalize is insufficient.
To address this deficit, artificial intelligence algorithms based on machine learning have
gradually attracted more attention in dam deformation prediction. The application of
artificial intelligence models in dam safety monitoring systems has since become another
important research subject, using approaches such as support vector machine (SVM),
random forest (RF), and gaussian process (GP). The machine learning algorithm captures
the characteristics of observed data through specific algorithm steps and uses the extracted
characteristic information to continuously update the model to achieve the best fit. Through
various complex processing operations, machine learning algorithms can obtain highly
accurate predictive models that meet the management needs of safety monitoring. Mata [7]
introduced a prediction algorithm based on artificial neural networks (ANN) to map the
relationship between the load and concrete dam deformation and compared it with the
multiple linear regression (MLR) model. The results showed that the ANN model provided
a better fit than the traditional statistical model under extreme temperatures. In addition,
Kao et al. [8] showed that the information provided by small static deformations can
be enhanced by ANN-based methods. Furthermore, they developed a threshold level
method for diagnosing the health of dams, and the impact of different factors on the
health of dams was analyzed in detail. Recently, Ranković et al. [9] constructed an SVM
nonlinear autoregressive model with exogenous inputs to predict the nonlinear behavior
of a dam’s structure. The safety measures protecting dams can be improved by being
able to accurately predict the displacements of dams. Kang et al. [10] demonstrated the
accuracy of a dam deformation prediction model based on the GP method, which added
the average air temperature and temperature lag information as input variables to predict
the radial displacement of a concrete dam. In subsequent prediction comparisons, their
GP model had the smallest error value. More recently, combinations of multiple machine
learning algorithms have received increasing attention. Ren et al. [11] used a fruit fly
optimization algorithm to upgrade the SVM and applied it to the hysteresis correction
of dam deformation impact factors. Subsequently, Su [12] proposed an SVM model with
a wavelet based kernel function that made full use of the discrete transformation of the
wavelet function. Li et al. [13] used the PCA method to extract the effective information
from the dam temperature data as the input for the SVM model, effectively filtering
redundant information from the input variables. However, the high-dimensional nonlinear
tasks and the characteristic representation of time-varying dam deformation undoubtedly
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present a huge challenge for traditional shallow learning, meaning that the prediction
accuracy of traditional machine learning algorithms is becoming increasingly unable
to meet the needs of many engineering management tasks. In recent years, another
branch of artificial intelligence technology, deep learning, has been vigorously developed
in various industries, these approaches include convolutional neural networks (CNN),
which are applied in image processing [14–16] and speech recognition [17–19], and long
short-term memory (LSTM) models, which are applied in time series processing [20–22].
Liu et al. [23] proposed an approach coupling PCA with LSTM to make short-term and
long-term predictions of dam observation data. Qu et al. [24] compared LSTM and SVM
prediction algorithms for dam deformation monitoring. Xu et al. [25] decomposed dam
deformation time series into linear and nonlinear parts, then used traditional statistical
models to fit the linear part, while LSTM was used to capture the sequence features of
the nonlinear part. Deep learning uses a layered structure to embody abstract non-linear
relationships and superimposes this structure to improve the expressive ability to map
complex relationships. Each layer transfers information to another, with the output of the
current layer being used as the input of the next layer, until the final output is obtained.
After multiple layers of feature extraction and complex information representation, a
sequence feature representation model can be obtained. This layered architecture makes
deep learning highly customizable, allowing it to achieve a better prediction accuracy than
traditional shallow learning. Furthermore, most studies focus on improving the accuracy
of predictive models, but ignore the interpretation and evaluation of input variables, which
can be considered using deep learning models.

To better consider the influence of time dimension, this paper coupled an attention
mechanism with an LSTM network to develop a dam deformation prediction algorithm.
The attention mechanism in the time dimension can preferentially allocate the limited
information processing resources in the short term to key data, while the LSTM network
can extract long-term change trends from dam deformation time series. This coupled
model is able to obtain more accurate dam deformation prediction results while also
enriching variable interpretation in the time dimension of the prediction model. During
actual monitoring, the physical deformation sensor can be affected by environmental
(external) factors or internal factors, which can produce abnormal data due to equipment
error. Therefore, the density-based spatial clustering of applications with noise (DBSCAN)
density-based clustering algorithm is introduced to eliminate equipment-based abnormal
values in real time to ensure that the observed data meet the subsequent modeling accuracy
requirements. Then, the relative importance of each input variable is obtained through
the variable importance measure data processing method, which not only enriches the
information interpretation of the model, but also screens redundant information to reduce
the difficulty of modeling. The performance of the proposed model was verified by the
real-world concrete gravity dam deformation data. The main contributions of this paper
can be summarized as follows:

1. This paper proposed and tested a DBSCAN method to filter the dam deformation
time series data. The method effectively removed the equipment based abnormal
values caused by environmental factors or equipment failures, thereby smoothing
the random measurement errors in the observed data, which improved prediction
accuracy.

2. The importance of input variables to the dam deformation prediction model was
analyzed to interpret and evaluate the model. This resulted in a useful and efficient
qualitative measure of dam deformation, which improved prevention and control of
abnormal structural responses.

3. A coupled model was developed to better address the needs of dam deformation pre-
diction. An attention mechanism focuses on the important variables in the short-term
time dimension, while the LSTM model captures long-term change characteristics.
This algorithm is very suitable for the prediction of dam deformation by accounting
for time lag.
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The remainder of this paper is organized as follows: Section 2 describes the detailed
process of the established mathematical model of dam deformation and the preprocessing
method. Section 3 introduces the selection of input variables, and the design and operation
of the comparative experimental model. Section 4 elaborates on a case study from which
actual monitoring data was collected. Section 5 explains and analyzes the input variables
and evaluates the performance of the proposed coupled method. Finally, conclusions and
future research directions are provided in Section 6.

2. Methods
2.1. Modeling Dam Deformation

Dam deformation is a key indicator reflecting the structural health of the dam. During
project operation, polynomial functions are often used to approximate the dam deforma-
tion as:

δ = δH + δT + δθ (1)

where δ denotes the dam deformation, and the subscripts H, T, and θ in the formula
respectively represent the components of the dam deformation caused by hydrostatic
pressure, temperature, and aging effect over time.

2.1.1. Hydrostatic Pressure Component

A simplified two-dimensional model of a homogeneous gravity dam is taken as an
analysis example, as shown in Figure 1, we obtain the following explanation through the
mechanical relationship between water level and deformation. Under hydraulic load, the
horizontal displacement δH generated at any measuring point of the dam is composed
of four parts, as shown in Figure 1: the displacement δ1H caused by the deformation of
foundation due to internal forces on foundation surface and the displacement δ2H caused
by rotation of foundation surface due to the gravity of the reservoir water, the displacement
δ3H caused by the rotation of reservoir water pressure acting on dam body, and the shear
horizontal displacement δ4H caused by the internal force of reservoir water pressure acting
on dam body. Therefore, the dam deformation is expressed by:

δ = δ1H + δ2H + δ3H + δ4H (2)
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Figure 1. Schematic of the influence of hydraulic load on horizontal dam displacement: (a) horizontal displacement of dam
foundation; (b) horizontal displacement caused by rotation of the dam foundation; and (c) horizontal displacement caused
by dam rotation and shear horizontal movement. (unit: m).

According to F.Vogt theory [26], the water pressure to the bottom of a dam causes the
horizontal displacement δ1H and rotation angel θ1 of dam foundation as:

δ1H= (γK1/6E f a)H3 + (γK2/2E f )H2. (3)

θ1= (γK3/6E f a2)H3 + (γK1/2E f a)H2. (4)

where E f denotes the elastic modulus of bedrock; γ is unit weight of water; the width
of dam bottom is a; H presents the upstream water depth; and K1, K2, and K3 are the
coefficients that depend on the Poisson’s ratio of the bedrock and the length-to-width ratio
of the equivalent rectangle at the bottom of the dam [27].

If the length of the reservoir L is very large, the weight of water acting on reservoir in
front of dam will deform reservoir bank and cause rotation θ2 at the bottom of dam as:

θ2= −H(1+µ f ) ln(n +
√

n2 + 1)/πE f (5)

where µ f is the Poisson ratio of bedrock and n is half the ratio of the width of water in front
of dam to the distance a0 from the center of gravity of the dam to the heel of the dam.

Therefore, the horizontal displacement δ2H of crest caused by rotation of dam founda-
tion θ as:

δ2H = cθ= (θ1 + θ2)c (6)

The horizontal displacement δ3H of dam crest caused by the rotation θ3 of dam body as:

δ3H =
∫ c

0

∫ c

0
Mdydy/Ed I (7)

where M = γH3/6 is the bending moment caused by water pressure, which is proportional
to the third power of water depth; Ed is the elastic modulus of dam concrete material; I is
the moment of inertia of the horizontal section of dam and c is dam height.

The dam shear horizontal displacement δ4H as:

δ4H =
∫ c

0
2k(1 + µd)Qdy/AEd (8)

where Q = γh2/2 is shear force caused by water pressure, which is proportional to the
third power of the water depth; A is the horizontal area section of dam; k is the shear force
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distribution coefficient on the section, about 1.2; and µd is the Poisson’s ratio of the concrete
material of dam.

From the above analysis, it can be found that the horizontal displacement of dam crest
caused by the water depth H in front of the dam is a function of H, H2, and H3. Among
them, the deflection displacement caused by the bending moment M is mainly related to
H3, the tangential displacement caused by the shearing force Q is mainly related to H2, and
the slope-deflection at the tilt of reservoir bottom caused by the weight of water is related
to H. Therefore, the hydrostatic pressure component in the horizontal displacement of a
concrete gravity dam can be established as a mathematical model as follows:

δH = a0 +
3

∑
i=1

ai Hi (9)

where a0 and ai are regression coefficients.
In addition, if the downstream water level changes greatly and the upstream and

downstream water level difference is not obvious, the impact of downstream water level
on monitoring should be considered, as:

δH = a0 +
3

∑
i=1

a1i Hi
1 +

3

∑
i=1

a2i Hi
2 (10)

where H1 is the water level of upstream and H2 is the water level of downstream.

2.1.2. Temperature Component

Dam deformation is also affected by temperature, which is the displacement caused by
temperature changes in the concrete of dam and rock foundation. When the dam has been
in service for many years, the hydration heat of the concrete material has been dissipated,
and the internal temperature of the dam body reaches a quasi-stable temperature field. At
this time, it only depends on the boundary temperature variation, and the temperature
component presents a simple harmonic periodic change. In order to qualitatively analyze
the temperature component, multi-cycle harmonics can be selected as a factor to simplify
and simulate it as:

δT =
2

∑
i=1

[b1i sin(2πit/365)+b2i cos(2πit/365)] (11)

2.1.3. Time Component

The time component is an irreversible component that developed in a certain direction
with the passage of time. Under the influence of a variety of factors, the dam body and rock
foundation undergo plastic deformation, which leads to the rapid change of the time-effect
displacement at the initial stage and gradually stabilizes in the later stage. According to
existing research, linear functions and logarithmic functions can be used to model with
time effects as:

δθ = c1t + c2 ln t (12)

where c1 and c2 are regression coefficients.

2.2. Density-Based Spatial Clustering of Applications with Noise

In practical engineering, sensor monitoring is usually subject to harmful factors such
as harsh environments or network transmission errors, resulting in abnormal values of
equipment in data information. The density-based spatial clustering of applications with
the noise (DBSCAN) method is introduced to reduce these random errors and eliminate
device outliers, which has been proven to be capable of handling large database [28–30].
The DBSCAN is a density-based clustering algorithm. It assigns any point to a specified
radius area and calculates the total number of points in the area to obtain the density of the
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specified point. When the density is higher than the preset maximum point set threshold,
these points will be constructed into clusters. Based on this concept, a huge feature space is
grouped into multiple regions with high density, so as to achieve the purpose of screening
out random outliers of the monitoring equipment. We choose the DBSCAN method because
it has the ability to divide clusters of arbitrary shapes in the noise spatial database, such as
linear, elliptical shapes, etc. The detailed process of DBSCAN is described in Algorithm
1, where n and m are the number of samples and clusters, respectively. k represents any
observed data in the original data set. ki represents the i-th observed data in the original
dataset. x represents the number of observed data existing in the radius of ki. N represents
the set of all observed points in each cluster. y represents the number of observed data
existing in the radius of ki’.

Algorithm 1 Equipment outlier filtering

Inputs: Dataset D(n×1), radius ε, domain density threshold MinPts
Outputs: Density-based cluster set DC

(m×1)

Marking k in D(n×1) as UNVISITED, k ∈ [1, n]
For kiin D(n×1):

If ki is UNVISITED
Marking ki as VISITED
If x>= MinPts

Create a new cluster C and add ki to C to form a list set N
For each point ki’ in N

If ki’ is UNVISITED
Marking ki’ is VISITED
If y>= MinPts and each one in y /∈ any cluster

Adding them into C
End if

End if
End for

Else
Marking ki as outlier

End if
End if

End for

2.3. Variable Importance Measures

The artificial intelligence learning model is a training model similar to a black box,
and there is usually a problem that it is difficult to understand the training meta-model.
Therefore, we introduce the random forest (RF) algorithm to calculate the relative impor-
tance of any combination of variables. The RF can reduce the average impurity of input
variables, which is a very important part to improve the accuracy and interpretability
of model. The main idea of RF is to ensure that the weight of the corresponding input
variable is output under the condition of all input variables after receiving a given input. In
theory, this method can be applied to any kind of dam deformation monitoring tasks. The
detailed steps of RF model to calculate the relative importance of variables are described
in Algorithm 2, where x and y represent the number of impact factors and observed data,
respectively. ξ is the number of combinations containing different numbers of variables,
and each combination must contain at least one variable. Xα is the α-th input variable set.
ŷ(α) represents the dam deformation prediction result obtained by Xα. N is the number
of decision trees in the set random forest. ŷ(α)i is the dam deformation prediction result
obtained by the i-th decision tree using Xα. y is the average value of the observed data for
dam deformation.



Appl. Sci. 2021, 11, 6625 8 of 21

Algorithm 2 Variable importance measure for predictive model interpretation

Inputs: Observed dataset X(x×y), Y(y×1)

Outputs: Variable relative importance VI
Divide X into α sets of tensors, α ∈ [1, ξ]
For α = 1, . . . , ξ:

ŷ(α) = f (Xα)

σα = ∑n
i=1

∣∣∣ŷ(α)i − y
∣∣∣/n

End for
For α = 1, . . . , ξ:

VIα = σα/∑ξ
α=1 σα × 100%

End for

2.4. Long Short-Term Memory Networks Couple with Attention

Long short-term memory (LSTM) networks can effectively capture the nonlinear
characteristics of time series through storing historical data streams. However, due to the
diversified complexity of dam deformation monitoring, the time lag of influencing factors
is particularly prominent. For example, an increase in temperature or water level does not
immediately lead to dam deformation, but a gradual process, which manifests as a delayed
deformation response. This factor increases the complexity of dam deformation prediction
in the time dimension, so this paper develops a dam deformation prediction method based
on the attention mechanism coupled with LSTM model.

LSTM model is essentially a device that superimposes and stores information. It
adjusts the destination of information in the model unit through the special structure called
gate. LSTM model has three gate structures: the forget gate determines the information that
needs to be removed in the current cell unit; the input gate determines which information
in the newly input information fragment is updated to the current cell unit and the output
gate collects the information memorized by the cell unit to obtain the final output result.
The calculation process expression of each LSTM cell unit is as follows:

ft = σ(W f · [ht−1, xt] + b f ) (13)

it = σ(Wi · [ht−1, xt] + bi) (14)

c̃t = tanh(Wc · [ht−1, xt] + bc) (15)

ct = ft ∗ ct−1 + it ∗ c̃t (16)

ot = σ(Wo · [ht−1, xt] + bo) (17)

ht = ot ∗ tanh(ct) (18)

where ft is the operating threshold of the forget gate at time t; ht is the output value of the
network at time t; ht−1 is the output value of the network at time t−1; it is the operating
threshold of the input gate at time t; c̃t is the candidate value that needs to be updated at
time t; ct is the new cell unit state at time t; ot is the operating threshold of the output gate
at time t; Wf, Wi, Wc, and Wo are the weight matrix of the forget gate, input gate, cell state,
and output gate, respectively; bf, bi, bc, and bo are the bias of the forget gate, input gate, cell
state, and output gate, respectively; and σ and tanh are the activation functions.

However, the conventional LSTM networks are unable to perform quantitative impact
analysis on the input data. Thanks to the concept of attention mechanism, it can achieve the
focus on key information. It imitates the way humans process information and enable the
algorithm to focus on core variables by means of activation functions. Therefore, a novel
LSTM algorithm structure is proposed, coupled with an attention mechanism to predict
dam deformation. The attention mechanism adds a matrix with the same dimension as
the input tensor, weights the hidden state in the time dimension, and then outputs the
attention vector value of each time step. The attention mechanism can be added in two
positions, in front of the LSTM layer and behind the LSTM layer, as shown in Figure 2. In
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actual application, the target series has a complex amount of information, so the position
added by the attention mechanism should be selected according to the actual effect. The
attention mechanism calculates the weight ei

t in each time dimension, and outputs the
attention weight ai

t between zero and one through the activation function, as shown below:

ei
t = VTtanh(WsSt−1 + Whht) (19)

ai
t = softmax(ei

t) = exp(ei
t)/

T

∑
k=1

exp(ek
t )(t = 1, 2, . . . , T) (20)

where St−1 is the attention layer input at the time t−1, and VT and Ws are the weight
matrices that can be trained.
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Figure 2. Schematic of the LSTM coupled with the attention mechanism: (a) attention mechanism preceding the LSTM layer
and (b) attention mechanism following the LSTM layer.

Then, we use this matrix vector to multiply the value in the time dimension to get the
input of hidden layer ci

t and, then, we update the hidden layer state of the LSTM model
together with the previous unit cell state. The calculation formula is as follows:

ct =
T

∑
k=1

ak
t hk (21)

St = LSTM(Yt−1, ct, St−1) (22)

where Yt−1 is the attention layer output at the time t−1.

3. Model Implementation

This section mainly introduces the specific realization of the coupled algorithm for dam
deformation prediction requirements, as shown in Figure 3. Since it uses a large number of
historical data samples to test its validity, it can provide guidance and suggestions for the
use of actual projects. Meanwhile, the evaluation metrics of the model are introduced.
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Figure 3. Flowchart of dam deformation prediction based on the coupled algorithm.

3.1. Selection of Input Variables

As discussed in Section 2.1. dam deformation is composed of water level component,
temperature component and time component, so we consider these three components as
input variables of the coupled model. Since the heat of hydration of the concrete material
has been dissipated and the dam has a stable temperature field, the annual harmonic and
half-year harmonic are used to express the temperature component. Finally, we generate a
set of variables like Equation (23).

x =
{

H, H2, H3, sin(2π/365), cos(2π/365), sin(4π/365), cos(4π/365), θ, ln θ
}

= {H1, H2, H3, T1, T2, T3, T4, t1, t2}
(23)

In order to ensure the convergence of the coupled model or speed up its convergence,
all input variables of Equation (23) need to be normalized as in Equation (24). Where µ is
mean of sample data and σ is standard deviation of sample data.

xi =
xi − µ

σ
(24)

3.2. Design of Comparison Schemes and Tuning Parameters

Design of a comparison scheme using eight algorithm models, these eight algorithm
models are HST model, support vector machine using poly kernel (SVM-poly), support
vector machine using radial basis function kernel (SVM-rbf), RF model, multilayer percep-
tron (MLP) model, standard LSTM, the attention mechanism is coupled to the model before
LSTM layer, and the attention mechanism is coupled to the model after the LSTM layer. All
of the algorithms are implemented in the Python 3.6 environment. The data processing is
conducted with the Numpy and Pandas packages of Python. The modelling process using
MLR, SVM, and RF is carried out using the package of Scikit-Learn in Python. Our MLP
and LSTM networks are developed with Keras on top of Google TensorFlow.

For the HST model, it is essentially linear regression, and its regression coefficients
are calculated by the least square method. For artificial intelligence models, each model
has its own unique hyperparameters that need to be set. We introduce the method of grid
search (GS) [31] to tune the hyperparameters on the data of training set. It arranges and
combines the possible values of each hyperparameter from the pre-declared parameter
interval, and lists all possible combinations to generate a grid. Then, use each combination
for training and use ten-fold cross-validation to evaluate performance. After the fitting
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function has tried all the parameter combinations, a best hyperparameter combination is
returned. SVM-poly model has two important parameters: the penalty coefficient C and
the specified degree d. SVM-rbf model has two important parameters: penalty coefficient C
and influence radius γ. RF model has three important parameters: the total number of trees
n_estimators, the maximum number of features a single tree can have max_features and the
minimum number of sample data owned by leaves min_sample_leaf. In order to suppress the
overfitting phenomenon of LSTM and MLP models, it is necessary to add a dropout layer.
Therefore, both the MLP and LSTM models have two important parameters: the number of
hidden layer units u and the dropout rate. However, different from MLP, LSTM also needs
to declare the size of the sliding time window w, which is how long the previous data needs
to be considered when predicting the dam deformation in the next time period. Therefore,
the partial autocorrelation function (PACF) of original dam deformation is calculated, as
shown in Figure 4. It can be found that when the deformation lag is greater than eight,
the values of PACF stabilize within the 95% confidence interval. Meanwhile, tuning the
sliding time window size of the LSTM. When the optimal range of w is determined, testing
the performance of the LSTM model with different values of w on the training set, and
the results are shown in Figure 5. At first, due to insufficient effective information, the
performance of model changes greatly. As the value of w increases, the model receives more
information, which makes the performance of model gradually improve and eventually
stabilize. Through Figures 4 and 5, when the LSTM model uses a larger w, the performance
of LSTM will not be affected by redundant information. In order to simplify the process of
determining specific hysteresis of the impact factor, we can choose a larger w. The final
experimental results are listed in Table 1.
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Table 1. Basic information of model parameter tuning.

Models Hyperparameters Search Range Optimal Value Training: MAE Test: MAE

SVM-poly C (15, 30) 21
1.5504 1.3880d [1,2,3,4,5] 1

SVM-rbf
C (15, 25) 20

0.5598 1.2799
γ (0.1, 0.5) 0.2

RF
n_estimators (25, 40) 29

0.3987 1.2282max_features (0,1) 0.5
min_sample_leaf [1,2,3,4,5] 3

MLP
u [64, 512] 128

0.6561 1.3364Dropout rate [0.4–0.8] 0.5

LSTM
u (64, 521) 256

0.1752 0.2037Dropout rate [0.4–0.8] 0.5
w [3, 15] 9

3.3. Evaluation Criteria

To evaluate the performance of each model, the mean absolute error (MAE), root mean
square error (RMSE), and maximum absolute error (AEmax) are selected as the evaluation
indicators of models. The relevant calculation formulas are shown in Equations (25)–(27).
For these three indicators, the smaller the value, the better the performance of the prediction
model.

MAE =
1
n

n

∑
i=1
|yi − ŷi| (25)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi) (26)

AEmax = max|yi − ŷi|, i = 1, 2, . . . , n (27)

where n is the number of sample data, yi is the original dam deformation data, and ŷi is
the predicted dam deformation data.

4. Case Study
4.1. Case Description

This study uses an integral roller compacted concrete gravity dam located in China as
a case to verify the performance of the proposed coupled model. The dam axis is arranged
in a broken line, the dam crest elevation is 145 m, the maximum dam height is 63 m, and
the dam crest length is 196.62 m. The length of dam sections on the left and right banks
are respectively 58.92 and 62.70 m, and there is a longitudinal drainage and grouting
gallery in the dam body. The dam began to be closed for water storage in 1993 and passed
the completion acceptance in 1995. In order to ensure the safe operation of the project,
automatic monitoring equipment is used to continuously monitor the response of the dam
structure. Meanwhile, for the realization of the horizontal displacement monitoring, nine
measuring points are set on the top of the dam, numbered E01 to E09, as shown in Figure 6.
The main distribution of measuring points is one on the left and right sections of the dam,
two on the left and right abutments of the dam, five on the overflow section.
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and downstream water level. The upstream water level measuring station is located in
front of the upstream dam, and the downstream water level measuring station is located
near the tail water outlet of the powerhouse. The upstream and downstream water levels
are monitored in real time by self-registering water level gauges, supplemented by manual
observation of water gauges.

Monitoring equipment collects data on dam deformation and related environmental
variables once a day. In this study, since the E06 measuring point has the most obvious vari-
ation for the impact factor, it was chosen as an example for analysis. The DBSCAN method
is used to preprocess the monitoring data from 1998 to 2021, and the dam deformation
prediction performance of the proposed coupled model is studied.

4.2. Data Analysis

For the problem of dam deformation, it was first necessary to assess whether the
influence of downstream water level should be considered. The data of the upstream and
downstream water levels are presented in Figure 7. The downstream water level was
generally stable compared to the upstream water level and the two water levels were quite
different, so the influence of changes in the downstream water level were not included in
the dam deformation model.
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In addition to the standard dam related variables, there are many influencing factors
that are difficult to remove, such as lightning strikes and interference by magnetic fields
during monitoring. However, using the DBSCAN method to preprocess the observed data
can effectively prevent equipment based abnormal values caused by such factors from
contaminating the data set. The original observation data collected from the automated
monitoring equipment are shown in Figure 8a, from which we can clearly find several
equipment based abnormal values. The DBSCAN method uses clustering to identify
equipment based outliers of the same level into a single category and then eliminate them.
The results after removing the outliers can be seen in Figure 8b. The data processed through
the DBSCAN method were smoother than the original observation data, and most of the
abnormal values due to equipment error were eliminated.
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The basic stats of the original data and the data processed using the DBSCAN method
are listed in Table 2. The average values of the processed data were similar to the average
values of the original data, but the standard deviation was reduced. This result showed
that the DBSCAN method can effectively filter device caused outliers and help suppress
any interference by such data on the prediction.

Table 2. Summary statistics of the original data and the data processed through DBSCAN.

Attribute The Original Data The Data Processed through DBSCAN

Max 19.0791 13.2493
Min −6.2839 −0.8423

Mean 5.9806 6.0159
Median 5.7828 5.7860

Standard 3.0866 2.8342

5. Results and Discussions
5.1. Importance of Input Variables and Model Interpretation

For a prediction model, the choice of input variables will directly affect the accuracy
of the prediction results, so it needs to be determined if the input variables can fully
represent the nonlinear relationship of dam deformation and whether the input variables
are redundant. To do this we adopted the RF model to conduct a deep analysis of the input
variables and determine the relative importance of each.
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Figure 9 shows the relative importance of the nine input variables as calculated by the
RF model using the GS method to optimize parameters. It can be seen that the temperature
and water level factors were most relevant to dam deformation, with a relative importance
of 60.97% and 21.29%, respectively. While the time component has the lowest bearing
on the prediction results. From the perspective of hydraulic structural engineering, these
calculated importance values demonstrated that temperature plays a central role in the
deformation responses of dam structures, followed by water level, which is in line with the
actual situation of the project and is reasonable. Although the time component had little
influence on the model, the aging effect of the dam material and its inherent rheological
characteristics may need to be analyzed as input variables to improve the nonlinear model.
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Using the sequential backward selection method, the input variables are sorted from
top to bottom according to importance. As can be seen from Figure 9, the order of im-
portance of the input variables was T3, T4, t2, H3, H2, T1, t1, H1, and T2. In this order,
the number of input variables fed to the RF model for training and testing is gradually
increased. In order to meet the test requirements, 70% of the original data set is used as the
training set and the remaining 30% data is used as the test set. Since the input sequence of
the data set will also affect the test results, a ten-fold cross-validation is used to ensure the
stability and reliability of the test results. The MAE values of the test results are provided in
Table 3, and shown in Figure 10 to better visualize the different combinations. There were
obvious fluctuations in the MAE values of the test and training sets at the beginning, and
has not yet converged. This was because the model weighs the input variables and MAE
values, and the effective information provided by the few input variables may not have
been enough to represent the original time series. When the process continued and more
variables were input, the MAE value significantly declined and the test set and training set
began to stabilize. When using four, five, and six input variables, the MAE values of the test
sets were basically stable at around 0.95, while those of the training set started to stabilize
around 0.35. However, as the input variables continued to increase, the MAE values of the
test and training sets increased again, and the increasing trend continued with additional
variables. This was because the additional input variables contained redundant data that
were not conducive to the prediction results, resulting in new features being captured by
the model that contradicted those of the earlier data. Therefore, to ensure that the amount
of information contained in the input variables is sufficient, while ensuring that MAE is as
small as possible, a sixth plan should be selected to characterize dam deformation.
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Table 3. Evaluation of simulation results for different input factors.

Serial
Number

Search Range MAE

T3 T4 t2 H3 H2 T1 t1 H1 T2 Training Test

1
√

1.2022 1.0520
2

√ √
1.1023 1.1563

3
√ √ √

0.8505 1.0482
4

√ √ √ √
0.3405 0.9541

5
√ √ √ √ √

0.3802 0.9581
6

√ √ √ √ √ √
0.3453 0.9550

7
√ √ √ √ √ √ √

0.3990 1.0633
8

√ √ √ √ √ √ √ √
0.4280 1.0584

9
√ √ √ √ √ √ √ √ √

0.4392 1.0821
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5.2. Performance of Prediction Accuracy and Interpretation in Time Dimension

The LSTM model coupled with the attention mechanism was compared to a variety
of advanced algorithms. As was done for the proposed model, all models were trained
with 70% of the original data set and tested with the remaining 30%. The evaluation index
value of each model is listed in Table 4, where the best performing model is marked in
bold. The evaluation indexes showed that, except for SVM-poly model which had too low
a fitting accuracy for the high-dimensional data of the training set, all of the models fit
the observation data well. The LSTM models exhibited the best fitting performances, and
the model in which the LSTM layer was preceded by an attention mechanism performed
better than all other models. The RMSE, MAE, and AEmax values of this model were all
significantly lower than the other models, indicating its prediction results were the best.
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Table 4. Performance comparison of different models.

Model
Training Test

RMSE MAE AEmax RMSE MAE AEmax

Attention before LSTM 0.1337 0.1248 3.0304 0.0498 0.1535 2.6235
Attention after LSTM 0.0758 0.1801 3.0295 0.0646 0.1846 2.7444

LSTM 0.0498 0.1752 3.1269 0.0798 0.2037 3.1708
RF 0.2662 0.3987 2.3540 2.2030 1.2282 4.1766

SVM-rbf 0.5777 0.5598 2.7555 2.3969 1.2799 4.4931
SVM-poly 3.3283 1.5504 4.0004 2.6943 1.3880 3.7492

MLP 0.6858 0.6561 3.5570 2.5970 1.3364 4.5004
HST 0.8714 0.7424 3.5900 3.6562 1.7142 4.7921

To further compare the stabilities of the prediction results, the prediction residuals of
all models were plotted, shown in Figure 11. The plot showed that the residual distribution
of the HST model was right-skewed, and the prediction result gradually tended towards
the average level of the training model over time. This was because linear fitting is more
inclined towards the training data and does not consider non-linear effects of influencing
factors, making linear fitting unable to accurately predict displacement caused by extreme
weather. Although the distribution of the SVM-poly model was not skewed, its accuracy
was not sufficient to meet the needs of dam deformation prediction through the median
and quartiles. The SVR-rbf and MLP models showed improved prediction accuracy, but
there were still problems with overfitting. The RF model did not exhibit overfitting, due to
its own architecture, but it did exhibit generalization errors [32]. Therefore, the RF model
had obvious right skewness, and would eventually tend to predict the average level like
the HST model. Due to the introduction of time-dependent storage, the resulting LSTM has
greatly improved the prediction accuracy and has a strong ability to represent nonlinear
features, but it is still unable to predict peaks, as shown in Figure 12.
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Meanwhile, in order to verify the reliability of the proposed model, drawing residuals
plot of the better model, as shown in Figure 13. The results show that the proposed model
has weaker residual autocorrelation than LSTM model, and its residual value distribution
is more uniform. Although there are a few residual points of the proposed model on the
residual graph with irregular distribution, most of residual points are evenly spread on
both sides of 0. The residual distribution demonstrates unpredictability and randomness.
Therefore, the LSTM model coupled with attention mechanism can fully capture the
available information in the dam deformation influence factor.Appl. Sci. 2021, 11, x FOR PEER REVIEW  19  of  22 
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The attention mechanism helps to automatically focus on important factors in the time
dimension. This addition significantly improved the ability of the LSTM model to predict
the peaks in the observed data. Furthermore, with the attention mechanism, the outliers in
the forecasting data were relatively minor and the distribution of the residuals was also
relatively concentrated. However, the attention mechanism performance depended on its
coupling position, preceding or following the LSTM, and the results showed that when it
is coupled before the LSTM layer it had better prediction accuracy. For dam deformation
predictions, recent data has a stronger reference value and, as shown in Figure 14, attention
disorder occurs when the attention mechanism is coupled after the LSTM layer. This is
because after the data is processed by the LSTM layer it will be mapped into a complex
high-dimensional tensor which makes it difficult for the attention mechanism to accurately
focus on important factors. These observations demonstrated that the attention mechanism
should be placed before the LSTM layer to better predict the structural response of dams
using complex nonlinear factors and time delay information.
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Figure 14. Heat map of attention weight: (a) the attention mechanism is coupled before LSTM and (b) the attention
mechanism is coupled after LSTM.

6. Conclusions

The accuracy of the dam deformation prediction algorithm is vital to dam safety
monitoring. This paper proposed a coupled LSTM/attention mechanism model that used
GS and cross-validation methods to adaptively identify the most important parameters.
Real world monitoring data of deformations of a concrete gravity dam were used as the
research object to test the model and its performance was compared with several other
advanced methods. The RF model was used to calculate the importance of input variables
and any extraneous influencing factors were screened out while maintaining a sufficiently
reasonable description of the dam deformation response. In addition, abnormal data points
caused by various factors interfering with the monitoring equipment were eliminated using
the DBSCAN method. According to this comprehensive study, the following conclusions
were drawn:

1. The results showed that the DBSCAN method is suitable for the detection of equip-
ment based abnormal values. The processed data had an average value that was
similar to that of the original data, but the variance and random errors were greatly
reduced.

2. The RF model identified the most important variables needed to provide a reasonable
explanation for dam deformation to be input into the model. The results revealed
that the temperature was a particularly important factor in dam deformation, the
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importance of which was more than 50%, followed by water level, while the time
component had the weakest influence.

3. The time-lag effect in dam monitoring plays an important role in predicting dam
de-formation. When the model contained a time sliding window, the accuracy of the
results was significantly improved, the residual distribution was relatively concen-
trated, and the outliers were greatly reduced.

4. The addition of the attention mechanism enabled the model to focus on important
factors in the time dimension and improved the prediction of extreme values. The
attention mechanism should be added before the LSTM layer to prevent the high-
dimensional mapping of data processed by the LSTM layer from causing attention
disorder.

In the future, the effects of different normalization methods for input variables on
the robustness of attention mechanism need to be discussed. Meanwhile, we will explore
the dynamic effects of time lag and spatial characteristics of dam deformation to achieve
coordinated dynamic predictions of dam deformation using multiple measurement points,
which will analyze the dam safety as a whole and realize data reduction.
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