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Abstract: In order to establish an effective early warning system for landslide disasters, accurate
landslide displacement prediction is the core. In this paper, a typical step-wise-characterized landslide
(Caojiatuo landslide) in the Three Gorges Reservoir (TGR) area is selected, and a displacement
prediction model of Extreme Learning Machine with Gray Wolf Optimization (GWO-ELM model) is
proposed. By analyzing the monitoring data of landslide displacement, the time series of landslide
displacement is decomposed into trend displacement and periodic displacement by using the moving
average method. First, the trend displacement is fitted by the cubic polynomial with a robust weighted
least square method. Then, combining with the internal evolution rule and the external influencing
factors, it is concluded that the main external trigger factors of the periodic displacement are the
changes of precipitation and water level in the reservoir area. Gray relational degree (GRG) analysis
method is used to screen out the main influencing factors of landslide periodic displacement. With
these factors as input items, the GWO-ELM model is used to predict the periodic displacement of the
landslide. The outcomes are compared with the nonoptimized ELM model. The results show that,
combined with the advantages of the GWO algorithm, such as few adjusting parameters and strong
global search ability, the GWO-ELM model can effectively learn the change characteristics of data and
has a better and relatively stable prediction accuracy.
Keywords: landslide displacement prediction; gray wolf optimization algorithm; extreme learning
machine; GWO-ELM model; the Three Gorges Reservoir area

1. Introduction
Landslide is one of the worst geological disasters in many areas of the world, with the characteristics
of wide distribution, strong paroxysm, high frequency and great harmfulness. Landslide disaster
can not only cause a large number of casualties and property losses, but also bring huge damage
to resources, environment and ecology [1]. The Three Gorges Reservoir area in China is prone to
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landslides due to the special complicated natural geological conditions and heavy rainfall every
year [2,3]. Landslide prediction is an important subject in the study of landslide disaster, an effective
way to prevent and control landslide disaster, and can reduce the loss caused by landslide disaster,
which has important theoretical and practical significance [4]. However, the landslide is a complex
multidimensional nonlinear dynamic system [5], and its displacement is the result of the interaction
of internal geological conditions and external factors. The formation of landslide displacement is
characterized by the complexity of its own geological conditions, the diversity and randomness of
external induced factors, so it is highly uncertain. Researchers around the world have yet to fully
explore and reveal the underlying mechanism. It is generally believed that the internal factors include
gravity stress, pore fluid pressure, stratigraphic lithology and other physical properties of landslides,
while the external trigger factors include earthquake, fluctuation of reservoir water level and human
activities, etc. External factors break the original stress balance and eventually lead to landslides [6,7].
The uncertainty leads to the unclear identification of the evolution of landslide system, which has a
great impact on the accurate prediction of landslide.
Landslide displacement prediction has been a hot topic in geological disaster research at home and
abroad for a long time. With the rapid development of artificial intelligence and machine learning, a large
number of data mining methods and nonlinear intelligent integrated systems have been well applied in
landslide displacement prediction. Compared with the traditional physical prediction model [8] based on
formula or professional software [9], the landslide prediction model combined with machine method has
a simple principle, controllable precision and strong adaptability [10]. The representative ones are Neural
Network Model [11], Gray Model [12], Verhulst Mode [13], and Support Vector Machine Model (SVM) [14],
etc. Machine learning has been explored as a powerful method to predict displacement and has achieved
good results. Du [15] decomposed the cumulative displacement into trend component and periodic
component, and used the back propagation neural network (BPNN) to predict the periodic displacement.
Polykretis [16] and Lian [17] applied artificial neural network (ANN) to landslide displacement prediction.
Pradhan [18] conducted a comparative study using support vector machines (SVM) and neuro-fuzzy
models to test their performance in predicting displacement. Chousianitis [19] used the Newmark model
to construct a mapping between geological parameters and earthquake-induced landslides. Li [20]
employed continuous wavelet analysis to decompose the time-series precipitation, reservoir water level,
and displacement into seasonal and residual components, and utilized the exponentially weighted
moving average (EWMA) control chart to derive the boundaries as alarm conditions of seasonal faster
displacement. Although these intelligent algorithms have achieved some results, they also have some
limitations. For example, when the neural network learning algorithm (BP algorithm) is initialized,
the network training parameters in the algorithm must be set, which usually leads to the occurrence
of the local optimal solution. SVM has a better prediction effect than the neural network model, but
the model itself has some defects, such as having difficulty in parameter selection. Extreme Learning
Machine (ELM) [21] is a newly proposed algorithm in recent years which is based on Single-hidden
Layer Feedforward Neural Network (SLFNs). ELM solved the problems of determining the number
of hidden layers neural network. Compared with the traditional prediction models such as BP neural
network and SVM, ELM has the advantages of fast learning speed, good generalization ability and
producing the only optimal solution [22]. The classification accuracy of ELM can be greatly improved
by setting appropriate model parameters [23]. In traditional methods, these parameters are mainly set
through a grid search method, gradient descent algorithm and meta-heuristic search algorithm, such as
Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) [24]. Gray Wolf Optimizer (GWO) [25],
as a new meta-heuristic algorithm that imitated the hunting behavior of wolves, has the advantages of
having a simple principle, less adjustment parameters, strong global search ability, etc. It has been proven
to have significant advantages in studying combinatorial optimization problems, and has been widely
used in various fields [26]. In the landslide prediction field, Guo proposed a model based on wavelet
analysis (WA) and BPNN optimized by the GWO algorithm (the GWO-BP model) and obtained good
results. Jaafari [26] utilized the GWO algorithm to obtain a reliable estimate of landslide susceptibility.
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In this paper, a typical step-wise-characterized landslide called Caojiatuo landslide in the TGR area is
taken as an example. Based on the time series analysis principle, the displacement is decomposed into
two components: the trend displacement and periodic displacement [27]. The trend displacement is
extracted by using the moving average method, and predicted by using the cubic polynomial function of
the robust weighted least-square method. In this paper, the GWO is innovatively introduced into the
ELM, and a landslide displacement prediction model based on GWO-ELM is proposed to predict the
periodic displacement. Root-mean-square error (RMSE) and mean absolute percent error (MAPE) are
applied as evaluation criteria to analyze the predicted results. This new model helps to build a more
accurate landslide warning system.
2. The Proposed Landslide Displacement Prediction Model
2.1. Time Series Model
Landslide displacement is a nonstationary time series varying with time [5]. The study shows
that the accumulative displacement of the landslide is caused by the interaction of the internal
geological conditions (lithology, geological structure, landform, etc.), external environmental factors
(precipitation, reservoir water level, etc.) and other random factors (uncertainty) [28]. The displacement
of the landslide under the control of its own internal basic geological conditions is expressed as an
approximately monotone increasing function varying with time, that is, the trend displacement.
The displacement under the influence of external environmental factors is shown as an approximately
periodic function which changes with seasonal rainfall and reservoir water level, namely the periodic
displacement. Based on the above features, the time series decomposition theory is adopted to
decompose the accumulative displacement of the landslide:
X (t) = α(t) + β(t) + γ(t)

(1)

where X(t) represents the monitored displacement; α(t) is the trend displacement; β(t) is the periodic
displacement; γ(t) is the random displacement.
The random displacement is mainly caused by the random influencing factors (wind load, vehicle
load and vibration load, etc.). Due to the limitation of the current monitoring technology, it is difficult
to obtain the data of such factors, and the influence of them is relatively small. Generally, it is not
considered in the research [29]. Therefore, Equation (1) can be simplified as follows:
X (t) = α(t) + β(t)

(2)

Generally speaking, the trend displacement can be extracted by the moving average method,
which can smooth the short-term fluctuation of time series and reflect the long-term trend. The specific
calculation method is to assume that the monitoring value of landslide displacement at time t is s(t),
and the trend displacement at time t is β(t). The calculation formula is as follows:
β(t) =

s(t) + s(t − 1) + · · · + s(t − k + 1)
n

(3)

where t = k, k + 1, . . . , n; s(t − n + 1) is the monitoring value of landslide displacement at time t − n + 1;
n is the moving cycle.
Based on the time series decomposition theory, after the extraction of the trend displacement is
completed, the periodic displacement α(t) is obtained by removing the trend displacement β(t) from
the accumulative displacement X(t).
2.2. Extreme Learning Machine Model
ELM is a training method based on the Single-hidden Layer Feedforward Neural Network
(SLFNs) [29]. The output weight of the network can be obtained by one-step calculation and analysis.
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In this process, the only optimal solution can be obtained and the learning speed is very high just by
setting the threshold value of the neurons in the hidden layer. For N arbitrary and different samples
(xi , yi ), where xi = [xi1 , xi2 , . . . , xin ]T ∈ Rn , yi = [ yi1 , yi2 , . . . , yim ]T ∈ Rm , and there are L neuron nodes in
the hidden layer. Then the output of the standard feedforward neural network, the excitation function
of which is g(x) can be expressed as:
fL (x) =

L
X

βi g(ai × xi + bi ), xi ∈ Rn , a ∈ Rn , βi ∈ Rm

(4)

i=1

where ai = [ai1 , ai2 , . . . , ain ]T is the input weight from the input layer to the nodal point of the ith hidden
layer; bi is the threshold value of the ith neuron in the hidden layer; βi = [βi1 , βi2 , . . . , βim ]T is the output
weight connecting the ith node in the hidden layer; ai × xi is the inner product of vector ai and xi ; the
excitation function g(x) can be selected as “Sigmoid”, “RBF”, or “Sine”, etc.
If the standard feedforward neural network with L hidden layer neurons and excitation function g(x)
can approach these N samples with zero error, then there exist ai , bi , ci making the following equation true:
fL ( x ) =

L
X

βi g(ai × xi + bi ) = yi , i = 1, 2, . . . , L

(5)

i=1

Equation (5) can be simplified to:
Hβ = Y

(6)

where H is the output matrix of the neural network. In ELM, the output weight and threshold are
randomly given, and the hidden layer matrix H namely becomes a definite matrix, which makes the
training of feedforward neural network transform to a problem of finding the least square solution of
the output weight matrix; the output weight matrix β is:
β̂ = H + Y

(7)

where H + represents the Moore-Penrose generalized inverse matrix of the hidden layer output matrix
H, which can be obtained analytically by orthogonal projection or singular decomposition method, etc.
2.3. Gray Wolf Optimization
Gray Wolf Optimization (GWO) algorithm is a new swarm intelligent optimization algorithm
proposed by MIRJALILI [25]. GWO simulates the process of the gray wolf hunting behavior such as
wolf tracking, encircling, chasing, and attacking prey, so as to achieve the goal of optimization. GWO
has the advantages of having a simple principle, few adjustment parameters, strong global search
ability and so forth.
The optimization process of GWO is as follows: a group of gray wolves is randomly generated in
the search space. According to the fitness level, the wolves numbered α, β, δ in the gray wolf group
evaluate and locate the position of the prey. The rest of the individuals take this as the standard,
and calculate the distance between themselves and the prey to complete the prey capture and realize
the optimization process [25].
Definition 1. Social Hierarchy. The GWO model has a strict social class, which can be divided into α, β, δ, ω
wolves on the basis of the social class. The social class in the algorithm is reflected in the fitness level.
Definition 2. Encircling Prey. In the process of wolf hunting, they need to s encircle the prey and determine the
location of the prey. The mathematical equations of encirclement behavior are as follows:
D = C × Xp ( w ) − X ( w )

(8)
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X ( w + 1 ) = Xp ( w ) − µ × D

(9)

C = 2 × r1

(10)

µ = 2a × r2 − a

(11)

where w is the current iteration number; Xp (w) is the position vector of the prey in generation w; X(w) is the
position vector of individual gray wolf in generation w; X(w + 1) is the position vector of individual gray wolf
in generation w + 1; C is coefficient vector; r1 , r2 belong to random vector, with the value range of [0, 1]; µ is a
vector of convergence; the value of a declines linearly from 2 to 0 during the iteration.
Definition 3. Hunting. The hunting process of wolves on prey is represented by the constant replacement of
hunting location information. Specifically, in the iterative process, the algorithm saves the current locations of
the best three wolves (α, β, δ), and updates the location of wolves in other search units (ω) according to their
information to obtain the optimal solution. Hunting behavior can be expressed as:
Dk = Ci × Xk (w) − X(w)

(12)

Xi = Xk − µ i × D k

(13)

Xp ( w + 1 ) =

X1 + X2 + X3
3

(14)

where k = α, β, γ; i = 1, 2, 3; Xp (w + 1) is the position vector of the prey in w + 1 generation.
2.4. Proposed Prediction Model Based on GWO-ELM
In this paper, based on the principle of time series, the accumulative displacement is decomposed
into the trend and periodic displacement. For trend displacement, the robust weighted least squares
cubic polynomial fitting projections is adopted. For periodic displacement, the GWO is introduced to
the ELM model for training. The framework system of the proposed extreme learning machine model,
namely GWO-ELM model, is shown in Figure 1.

Figure 1. Framework system of the Extreme Learning Machine with Gray Wolf Optimization
Fig.prediction
1 Framework
(GWO-ELM)
model. system of the GWO-ELM prediction model
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3. Caojiatuo Landslide
3.1. Geologic Aspects
The Caojiatuo landslide [30] is in the TGR area of China. After the construction of the Three
Gorges Dam, the hydrogeological conditions in this region has been dramatically changed and the TGR
area has become a world-famous landslide-prone area. The Caojiatuo landslide, as one of the typical
landslides, locates on the left bank of the Yangtze river, Wushan county, Hubei province (Figure 2).
The plane shape of the landslide is close to a square approximately 600 m long and 500 m wide.
The landslide occupies a mass with an area approximately 30 × 104 m2 and a volume approximately
1500 × 104 m3 (Figure 3). The sliding surface was the interface between the loose accreted body
and the underlying bedrock, with the length of approximately 600 m, the width of approximately
500 m, dip angle of 30◦ , and dip direction of 150◦ (Figure 4). The thickness of the contact zone was
approximately 2 m, mainly comprising clay with a small amount of debris.
The landslide body is composed of colluvial and residual silty clay, which was yellow-brown and
easily softened by water [2]. The material also contains approximately 35% rubble, which reduces
from the surface to the bottom of the landslide mass, and consists of gray-green silty siltstone of size
5–10 cm. The bedrock mainly consisted of silty siltstone, gray-green marlite, and a small amount of
magenta mudstone of the Badong Formation in the Triassic.

Figure 2. Locations of the Caojiatuo landslide.

Fig. 2 Locations of the Caojiatuo landslide
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Figure 3. Geomorphological map of the Caojiatuo landslide with monitoring network [17].

Fig. 3 Geomorphological map of the Caojiatuo landslide with monitoring
network[17]

Figure 4. Cross section along the II-II’ profile of the Caojiatuo landslide [17].

Fig. 4 Cross section along the II-II’ profile of the Caojiatuo landslide[17]

3.2. Monitoring Data Analysis

The water level of the TGR reached 135 m in 2003, and the Caojiatuo landslide was first deformed
and tensile cracks appeared along the trailing edge. With the development of the landslide, the cracks
increased year by year. In order to observe the surface deformation of the landslide and avoid
catastrophic geological disasters, since 2007, the landslide was divided into two regions: zone A and
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zone B and nine GPS sensors (Figure 3) were installed to monitor the stability of the landslide per
month, especially during the rainy season. Figure 5 shows the relationship between the monthly
displacement of the 9 GPS observation points of Caojiatuo landslide and the reservoir water level
and precipitation during 2007–2013. It can be seen that the displacement of block A (GPS-2, GPS-3,
GPS-5, GPS-6) is a typical step-wise evolution process. The displacement of the landslide surface
increased rapidly between May and July every year, and gradually approached a stable state in the
following period. The displacement of block B (GPS-1, GPS-4, GPS-7, GPS-8, GPS-9) shows a different
variation feature. The deformation of the monitoring points in block B was relatively small, and the
fluctuation with the changes of the reservoir water level and precipitation was not obvious. Therefore,
the deformation of the landslide mass of block B is defined as the trail-type deformation.

Figure 5. Relationship of accumulative displacement, reservoir level and precipitation in the
5 Relationship of accumulative displacement, reservoir level and
Caojiatuo Fig.
landslide.

The accumulative displacement
in block
A was
obviously
affected by seasonal precipitation
precipitation
in the
Caojiatuo
landslide
and reservoir water level, which is conducive to the study of factors affecting landslide deformation.
The displacement values monitored by the GPS-6 and GPS-3 observation points in block A are relatively
large. The monitoring data are representative and can effectively reflect the movement process of
the whole landslide. Therefore, the data of GPS-6 and GPS-3 are selected for analysis in this paper.
According to the curves of the monitored accumulative displacement, monthly precipitation and
reservoir water level in Figure 5, the data can be divided into three stages:
(1) Stage 1 (7 January–9 May): The displacement growth was slow in this stage. According to
the curve of reservoir water level, the reservoir began to fill water every year in September. Around
January 2009, the maximum water level of the reservoir reached 175 m for the first time. With the
increase of the reservoir water level, the displacement of the monitoring points in the current month
did not change significantly, indicating that the influence of the rising reservoir water level on the
displacement was weak. The water level of the reservoir reached the lowest value around May each
year, and the displacement of the corresponding monitoring point increased to a certain extent after a
month. The reason for the phenomenon was that the change of the water level inside the landslide
lagged behind the water level. According to the precipitation curve, when seasonal heavy rainfall
occurred in the landslide area (mainly from May to September every year), the landslide displacement
continued to increase, which reflected the correlation between landslide displacement and rainfall.
Therefore, in Stage 1, the displacement of monitoring points was mainly caused by rainfall, and the
influence of reservoir water level was small.
(2) Stage 2 (9 May–12 January): The displacement increases sharply at the early time, while
increased slowly in the subsequent period. The water level of the reservoir fluctuated between 145 m
and 175 m. The landslide displacement corresponding to the peak water level of the reservoir remained
relatively stable, which proved once again that the rising water level of the reservoir had a weak effect
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on the landslide displacement. Around May 2009, the area of the landslide was subjected to continuous
heavy rainfall, and the water level of the reservoir reached the lowest value. The largest step-wise
deformation in the landslide occurred, which could be considered as a result of the combined effect of
reservoir water decline and high precipitation.
(3) Stage 3 (12 January–13 December): In this stage, displacement increased rapidly. The reservoir
water level had the same fluctuation rule, but the seasonal rainfall generally intensified. When the
water level of the reservoir reached the peak point, the displacement of the monitoring point did not
change. However, under the combined effect of the peak precipitation and the lowest reservoir water
level in May each year, the landslide displacement increased rapidly and the step-wise characteristics
were strengthened.
4. Case Study
4.1. Prediction of Trend Displacement
According to the above discussion, the displacements of observation points GPS-6 and GPS-3
are selected as the study object. The trend displacement of the Caojiatuo landslide is extracted by
using the moving average method (Equations (3) and (15)). The data from January 2008 to January
2013 are used as the training set to fit the equation, and the data from January 2013 to December 2013
are used to verify the accuracy of the fitting equation. The reservoir water level scheduling and GPS
data in the TGR area all take a period of one month, that is, the movement period is set as n = 12,
which represents the 12 months of each year. Based on the time series addition principle, the trend
displacement is removed from the monitoring accumulative displacement of the landslide to obtain the
periodic displacement. The extraction results of the trend and period displacement of the observation
points GPS-6 and GPS-3 are shown in Figures 6 and 7, respectively.

Figure 6. The measured trend and periodic displacements of GPS-6 in the Caojiatuo landslide.

Fig. 6 The measured trend and periodic displacements of GPS-6 in the
Caojiatuo landslide
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Figure 7. The measured trend and periodic displacements of GPS-3 in the Caojiatuo landslide.

Fig. 7 The measured trend and periodic displacements of GPS-3 in the

The trend displacement is controlled by the geological conditions of the landslide and represents
the main trend of landslide deformation. The trend displacement of GPS-6 and GPS-3 data are divided
Caojiatuo landslide
into four and three parts respectively, and the cubic polynomial based on the robust weighted least
square method is used to fit the trend displacement on the time axis (Equation (15)). The calculated
results of each coefficient of the fitting function are shown in Table 1. The fitting results are shown in
Figures 8 and 9. The trend displacement of the fitting equations is close to the measured value.
f (t) = at3 + bt2 + ct + d

(15)

where f (t) means the predictive values of the trend displacement at the time t; and a, b, c, d are the
coefficients, where a cannot be equal to zero.
Table 1. Fitted results of the measured trend displacement.
Landslides

Monitoring
Points

GPS-6
Caojiatuo
Landslide
GPS-3

Period

a

b

c

d

R2

January 2008 to June 2009
July 2009 to July 2010
August 2010 to July 2012
August 2012 to December 2013
January 2008 to June 2009
July 2009 to July 2010
August 2010 to July 2013

0.019
−0.0794
0.0077
−0.0238
0.0152
−0.0653
−0.0025

−0.569
5.665
−0.886
4.132
−0.6089
4.7216
0.6822

14.31
−109.61
38.65
−218.30
13.317
−92.024
−40.139

52.0
801.7
−94.1
4090.7
51.855
691.59
1113

0.9987
0.9998
0.9982
0.9998
0.9993
0.9996
0.9949
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8. Comparison
thepredictive
predictive trend
displacement
and the measured
of GPS-6.
Fig. 8Figure
Comparison
of ofthe
trend
displacement
and the
measured

of GPS-6

Fig. 9 Comparison of the predictive trend displacement and the measured
Figure 9. Comparison of the predictive trend displacement and the measured of GPS-3.

of GPS-3
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4.2. Prediction of Periodic Displacement
4.2.1. The External Influencing Factors
The prediction of periodic displacement is the key of landslide displacement prediction. In this
model, the factors affecting the periodic displacement are taken as the input sequence and the periodic
displacement as the output sequence. The selection of influencing factors directly affects the accuracy
of model training. According to the above data analysis, the reservoir water level and precipitation are
the two main factors affecting the periodic displacement.
Precipitation is one of the main external triggers of landslide deformation in the TGR area. On the
one hand, the saturated soil is formed by water infiltration into the landslide, which increases the bulk
density of the soil and reduces the stability of the landslide. On the other hand, the rain will induce the
chemical reaction with the substance in the landslide, resulting in argillization and softening, which will
further induce the occurrence of the landslide. Figure 10 shows the relationship between the periodic
displacement of GPS-6 and GPS-3 and precipitation in the last one or two months. The precipitation in
the last one or two months has a certain influence on the periodic displacement of the observation
point. Both of them show fluctuation change, and the peak of periodic displacement generally lags
behind the peak of precipitation. Therefore, the one-month and two-month cumulative antecedent
rainfall are selected as the influencing factors of precipitation on the periodic displacement.

Figure 10. Relationship between precipitation and the measured periodic displacement in the last one
and
two10
months.
(a) Dataset of between
GPS-6, (b) Dataset
of GPS-3. and the measured periodic
Fig.
Relationship
precipitation

The periodic fluctuation of reservoir water level is another major factor leading to the step-wise

displacement
in late 1 The
andchange
2 months.
(a) Dataset
of GPS-6,
(b)
of of
deformation
of the landslide.
of reservoir
water level
will affect
theDataset
distribution

groundwater dynamic field and the seepage field inside the landslide mass, which induce the

GPS-3
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deformation and damage of the landslide [31]. Figure 11 shows the relationship between the periodic
fluctuation of the reservoir water level and the periodic displacement at the observation points GPS-6
and GPS-3. It can be clearly seen that the periodic fluctuation of water level has a certain correlation
with the periodic displacement. In particular, when the water level drops sharply, the landslide
deformation will be seriously affected. The effect of reservoir water level is usually a slow process,
and there will be a so-called “hysteresis effect”. Therefore, reservoir level change in one-month and
two-month period as well as the average elevation of reservoir level in the current month are selected
as the influencing factors of reservoir water level on periodic displacement.

Fig.one
11month.
Relationship
between
monthly
(a) Dataset of GPS-6,
(b) Dataset
of GPS-3. change and the measured periodic
Figure 11. Relationship between monthly change and the measured periodic displacement in the last

displacement
in late 1 month. (a) Dataset of GPS-6, (b) Dataset of GPS-3
may show completely different evolution characteristics in different stages. In the initial stable state,
The same landslide affected by the same external triggers (precipitation, reservoir water level, etc.)

the landslide may remain stable even under the action of a strong external force. On the contrary, if the
landslide is unstable at the beginning, or even in a highly unstable state, a relatively weak external force
will eventually lead to great damage [32]. Therefore, this paper proposes to take the evolution state
as a supplement to the factors of precipitation and reservoir water level to characterize the influence
of other periodic factors on the landslide displacement. The landslide displacements over the past
one, two and three months are selected respectively to represent the current evolution state of the
landslide [33] as another three influencing factors.
Based on the above analysis, eight influencing factors related to periodic displacement are
obtained. The correlation between periodic displacement and external triggering factors is analyzed
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based on the gray relational grade (GRG) theory [34–47]. According to the GRG theory, when the
discrimination coefficient is 0.5, if the relational degree value corresponding to the influence factor is
greater than or equal to 0.8, it means that the two are closely related. Table 2 lists the input terms of
periodic displacement and their corresponding GRG values. It can be seen that the GRG values of
the eight influencing factors selected in this paper are all greater than 0.8, indicating that there is a
large correlation between the periodic displacement and the selected input items. Figure 12 intuitively
reflects the GRG relational grade between the accumulative displacement and the evolution stage of
the landslide in recent months. It can be seen that the GRG values corresponding to the landslide
displacement of the one, two and three months selected as the input terms are all greater than 0.8,
indicating a great correlation with the periodic displacement. Through the GRG theory, the data shown
in the table and figure verify the rationality of the parameter selection in this paper.
Table 2. The gray relational grade (GRG) of input items between inducing factors and periodic
displacement in the Caojiatuo landslide.
Input Item

GPS-6
Input 1

Precipitation
Input 2
Input 3
Reservoir
level

Input 4
Input 5
Input 6

Evolution

Input 7
Input 8

The one-month cumulative
antecedent rainfall
The two-month cumulative
antecedent rainfall
Reservoir level change in
one-month period
Reservoir level change in
two-month period
The average elevation of
reservoir level in the
current month
The displacement over the
past one month
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Figure 12. Gray relational grade between the accumulative landslide displacement and evolution stage
in recent months.
Fig. 12 Gray relational grade between the accumulative landslide

displacement and evolution stage in recent months
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4.2.2. Prediction by GWO-ELM Model
After selecting appropriate influencing factors as input items, GWO-ELM model is used to predict
the periodic displacement. The specific process of prediction is as follows:
(1) Data preprocessing. Normalize various influencing factors and periodic displacements to the
interval of [0, l] according to different dimensions. In this way the influence of data dimension could
be eliminated.
(2) Model parameter initialization. Based on the analysis in this paper, select the one-month and
two-month cumulative antecedent rainfall, reservoir level change in one-month and two-month period
as, the average elevation of reservoir level, the landslide displacements over the past one, two and
three months as the influencing factors. The number of nodes in the input layer is therefore set to 8.
The input item of the model is the predicted value of periodic displacement. The number of node in
the output layer is therefore set to 1. The other model parameter settings are shown in Table 3.
Table 3. Model parameter initialization settings.
Model
GWO-ELM
ELM

GWO
Number of
Number of
Wolf Groups
Iterations
30
-

220
-

Number of
Neurons

Total Number
of Nodes

10
10

70
70

ELM
Excitation
Function
Sigmoid
Sigmoid

Application Type
0(regression, fitting)
0(regression, fitting)

(3) Model parameter optimization. Apply the GWO algorithm to search the parameters of the
ultimate learning machine model, and then obtain the optimal connection weight matrix between
the input layer and the hidden layer, as well as the threshold value of the neuron in the hidden layer.
The number of wolf groups in GWO-ELM is set to 30 and the number of iterations is 220. The optimal
penalty factor and kernel function parameters can be obtained through the GWO algorithm. In order
to demonstrate the superiority of GWO-ELM model, the nonoptimized ELM model is introduced in
this paper for comparison under the condition of the same parameter setting. The parameter settings
for the two types of machine learning models are shown in Table 3.
(4) Training model and prediction. Construct the prediction model by using the parameters
obtained from optimization. The model is used to predict the periodic displacement of the landslide.
Finally, the prediction results of the periodic displacement of each model are obtained.
4.2.3. Analysis of Prediction Results
Based on the data of Caojiatuo landslide, this paper selects the data of GPS-6 and GPS-3 observation
points from January 2008 to January 2013 as the training and validation set of the model. The remaining
data from January 2013 to December 2013 are used as a test set to measure the accuracy of the
model. The training results of GPS-6 and GPS-3 corresponding to the two models are shown in
Figures 13 and 14, respectively. It can be seen that both ELM and GWO-ELM model can learn the
fluctuation characteristics of data well. It is proven that the training process of the model is correct by
the good coincidence between the peak points and the low points on the curves.
After the correct training process, the displacements of the test set are predicted. Figures 15 and 16
show the predicted results of periodic displacement of GPS-6 and GPS-3 corresponding to the two
models, respectively. Tables 4 and 5 correspond to the values of prediction accuracy and error in
Figures 15 and 16, respectively. The figures and charts indicate that both models can well predict the
periodic displacement value of the landslide, and the time corresponding to the extreme displacement
is consistent with the observed one. Moreover, the results of the GWO-ELM prediction model are
significantly better than that of the nonoptimized ELM model. After the optimization of ELM model
by GWO algorithm, the prediction accuracy has been improved significantly. This is because the
ELM model applies random assignment in the weighting matrix between the input layer and hidden
layer and threshold of hidden layer neurons. A large number of variable parameters make the
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parameter variables difficult to control and the result is generally not stable. After introducing and
taking the advantages of the GWO algorithm (less needed adjusting parameters, strong global search
ability), the optimum connection weights matrix and threshold can be effectively extracted. Therefore,
the model can achieve better prediction accuracy and data stability.

Figure 13. Comparison of the predictive periodic displacement and the measured of GPS-6 between
2008
to 2012.
Fig.
13 Comparison of the predictive periodic displacement and the

measured of GPS-6 between 2008 to 2012

Figure 14. Comparison of the predictive periodic displacement and the measured of GPS-3 between
Fig. 14 Comparison of the predictive periodic displacement and the
2008 to 2012.

measured of GPS-3 between 2008 to 2012

because the ELM model applies random assignment in the weighting matrix between the input layer
and hidden layer and threshold of hidden layer neurons. A large number of variable parameters
make the parameter variables difficult to control and the result is generally not stable. After
introducing and taking the advantages of the GWO algorithm (less needed adjusting parameters,
strong
global
search ability), the optimum connection weights matrix and threshold can be effectively
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extracted. Therefore, the model can achieve better prediction accuracy and data stability.

Figure
15. Comparison
of monitoring
monitoring point
GPS-6 predicted
predicted by
by GWO-ELM
GWO-ELM
Figure 15.
Comparison of
of the
the predictive
predictive results
results of
point GPS-6
and
ELM
models.
and ELM models.

Figure 16. Comparison
Comparison of the predictive results of monitoring point GPS-3 predicted by GWO-ELM
and
ELM
models.
and ELM models.
Table 4. Comparison of periodic displacement prediction accuracy between GWO-ELM and ELM
of GPS-6.
Time

The
Measured
Values (mm)

13 January
13 February
13 March
13 April
13 May
13 June
13 July
13 August
13 September
13 October
13 November
13 December
Min
Max
Mean
RMSE

60.12
52.34
40.22
34.56
41.50
48.58
96.36
106.08
120.79
105.90
72.77
64.62
N/A
N/A
N/A
N/A

The GWO-ELM Model

The ELM Model

Predictive
Values (mm)

Absolute
Error (mm)

Relative
Error (%)

Predictive
Values (mm)

Absolute
Error (mm)

Relative
Error (%)

53.2
46.5
37.0
28.0
37.5
44.2
103.0
111.3
125.9
111.3
65.4
58.7
N/A
N/A
N/A
5.66

6.9
5.8
3.2
6.5
4.0
4.4
6.6
5.3
5.1
5.4
7.3
5.9
3.2
7.3
5.5
N/A

11.47
11.15
8.04
18.91
9.57
8.96
6.84
4.95
4.20
5.11
10.06
9.11
4.20
18.91
9.03
N/A

72.8
64.4
52.1
22.4
27.5
38.6
85.1
122.5
135.9
119.7
58.2
48.1
N/A
N/A
N/A
13.52

12.7
12.1
11.9
12.1
14.0
9.9
11.3
16.4
15.1
13.8
14.6
16.5
9.9
16.5
13.4
N/A

21.08
23.03
29.49
35.08
33.83
20.47
11.74
15.49
12.54
13.03
20.05
25.56
11.74
35.08
21.78
N/A
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Table 5. Comparison of accumulative displacement prediction accuracy between GWO-ELM and ELM
of GPS-3.
Time

The
Measured
Values (mm)

13 January
13 February
13 March
13 April
13 May
13 June
13 July
13 August
13 September
13 October
13 November
13 December
Min
Max
Mean
RMSE

93.8
75.4
57.1
38.8
23.8
57.9
120.0
113.3
101.7
90.0
78.3
66.7
N/A
N/A
N/A
N/A

The GWO-ELM Model

The ELM Model

Predictive
Values (mm)

Absolute
Error (mm)

Relative
Error (%)

Predictive
Values (mm)

Absolute
Error (mm)

Relative
Error (%)

96.9
78.1
60.2
42.3
21.4
55.4
123.5
116.6
99.5
93.4
82.1
64.2
N/A
N/A
N/A
3.04

3.1
2.7
3.1
3.6
2.4
2.5
3.5
3.2
2.1
3.4
3.8
2.5
2.1
3.8
3.0
N/A

3.33
3.56
5.47
9.18
10.09
4.31
2.96
2.85
2.09
3.82
4.79
3.72
2.09
10.09
4.68
N/A

84.2
67.1
49.1
32.0
18.4
53.5
128.1
120.2
107.9
83.8
70.6
60.1
N/A
N/A
N/A
7.12

9.5
8.3
8.0
6.7
5.3
4.4
8.1
6.8
6.2
6.2
7.7
6.6
4.4
9.5
7.0
N/A

10.18
11.02
13.95
17.37
22.44
7.61
6.73
6.04
6.13
6.92
9.85
9.87
6.04
22.44
10.67
N/A

From the specific results, the root mean square error (RMSE) and mean absolute percentage error
(MAPE) of the GWO-ELM model are 5.66 mm, 9.03% (GPS-6), and 3.04 mm, 4.68% (GPS-3), respectively.
Compared with the errors of the ELM model in Tables 4 and 5, the prediction accuracy improved
significantly. At the same time, it should be pointed out that the relative errors of the predicted values of the
two models at the points near the bottom of the curve are larger than those at other positions. The absolute
error has a similar pattern, but it is not as obvious as the relative error. This is related to the algorithm of
ELM. When the predicted point is located near the low value point on displacement curve, the information
of the previous time node has obvious influence on the next time node. This will result in a large error near
this point. The GWO algorithm can control the error and improve the accuracy of prediction.
4.3. Prediction of the Accumulative Displacement
The predicted cumulative displacement can be obtained by superposing the predicted trend
displacement with the predicted periodic displacement. The monitoring data of the GPS-6 and GPS-3
observation
points
the Caojiatuo landslide and the predicted results of the GWO-ELM
Water
2020, 12,in
1860
24 of 28model are
shown in Figures 17 and 18, respectively. The predicted trend displacement and periodic displacement
in Figures 17 and 18, respectively. The predicted trend displacement and periodic
are highlyshown
accurate,
so the predicted values of accumulative displacement are also highly consistent
displacement are highly accurate, so the predicted values of accumulative displacement are also
with the measured
ones.with the measured ones.
highly consistent

17. Comparison of the predictive accumulative displacement and the measured of GPS-6.
Figure 17.Figure
Comparison
of the predictive accumulative displacement and the measured of GPS-6.
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Figure 17. Comparison of the predictive accumulative displacement and the measured of GPS-6.

Figure
18. Comparison
of the
predictiveaccumulative
accumulative displacement
andand
the measured
of GPS-3.
Figure 18.
Comparison
of the
predictive
displacement
the measured
of GPS-3.

5. Conclusions
The displacement of the Caojiatuo landslide is characterized by step-wise deformation. Based on
the analysis of the monitoring data, it is concluded that the precipitation and water level fluctuation in
the reservoir area are the key external factors affecting the landslide deformation. External triggering
factors cause changes in various hydraulic states of the landslide mass, resulting in sudden and
large displacement. Over time, the effects of such factors tend to be stable. Thus, it shows the
step-wise-characterized deformation.
Based on the time series theory, the step-wise displacement of the Caojiatuo landslide in the TGR
area is divided into trend and periodic displacement by using the moving average method, considering
the influence of the internal basic geological conditions (lithology, geological structure, landform and
geomorphology, etc.) and the external environmental factors (precipitation, reservoir water level, etc.).
The trend and periodic displacement are predicted by polynomial fitting method and GWO-ELM
model respectively. These processes have clear physical meaning and is proved to be an effective
analytical method.
The GWO-ELM model based on time series theory proposed in this paper can accurately predict
the displacement of the Caojiatuo landslide at different stages, such as the creep stage and step
deformation stage. It shows a better prediction ability than the nonoptimized ELM model. GWO-ELM
model has great application potential in landslide displacement prediction in landslide prone areas
such as TGA, and can be used to establish an effective early warning system for geological disasters.
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