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Abstract: The volatility of the cumulative displacement of landslides is related to the influence of
external factors. To improve the prediction of nonlinear changes in landslide displacement caused by
external influences, a new combined forecasting model of landslide displacement has been proposed.
Variational modal decomposition (VMD) was used to obtain the trend and fluctuation sequences
of the original sequence of landslide displacement. First, we established a stacked long short time
memory (LSTM) network model and introduced rainfall and reservoir water levels as influencing
factors to predict the fluctuation sequence; next, we used a threshold autoregressive (TAR) model
to predict the trend sequence, following which the trend and fluctuation prediction sequence were
superimposed to obtain the cumulative predicted displacement of the landslide. Finally, the VMD-
stacked LSTM-TAR combination model based on the variational modal decomposition, stacked long
short time memory network, and a threshold autoregressive model was built. Taking the landslide of
Baishuihe in the Three Gorges Reservoir area as an example, through comparison with the prediction
results of the VMD-recurrent neural network-TAR, VMD-back propagation neural network-TAR, and
VMD-LSTM-TAR, the proposed combined prediction model was noted to have high accuracy, and it
provided a novel approach for the prediction of volatile landslide displacement.

Keywords: landslide displacement prediction; variational modal decomposition; stacked long short
time memory network; threshold autoregressive model; combined prediction

1. Introduction

There are many landslide disasters, wide coverage areas, and frequent activities glob-
ally which cause serious economic losses and casualties every year. Currently, global
navigation satellite system (GNSS) deformation monitoring is used to monitor absolute dis-
placement of the landslide surface [1,2]. The displacement monitoring data is an important
basis for the early warning of landslide disasters through tolerance judgment and imminent
slip model analysis [3,4]. Mining effective information from long-term monitoring data,
extracting the relationship between landslide surface displacement changes and influencing
factors, and then analyzing and predicting landslide deformation is of great significance
for the early warning of landslide disasters [5–7].

The cumulative displacement of the landslide in the Three Gorges Reservoir area
shows a step-like development, which may be the result of the influence of seasonal rainfall
and reservoir water level fluctuations. In addition to a linear natural change trend, the
cumulative displacement of landslides also has a sharp increase. This seasonal change,
which may be caused by changes in rainfall and reservoir water levels, is difficult to
predict. It is studied as a fluctuating displacement with a seasonal cycle. The landslide
displacement affected by external factors is generally decomposed in a time series, and
the natural development trend displacement of the landslide body and the fluctuating
displacement caused by external environmental factors can be predicted [8,9]. Currently,
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the methods for decomposing the cumulative displacement of landslides include the
moving average [10], exponential smoothing [11], empirical mode decomposition [12],
and collective empirical mode decomposition methods [13]. Conventional decomposition
methods require decomposition of modeling samples, which reduces the subsequent
training data. The variational mode decomposition (VMD) method can decompose the
cumulative landslide displacement as a signal in the frequency domain and alleviate the
modal aliasing problem in the common empirical mode decomposition method [14–16].
For the fluctuation displacement series after separating the overall trend, the statistical
machine learning models were normally used, such as the back propagation neural network
(BPNN) [17] and extreme machine learning [18]; however, they are all static network
models, and their ability to process changes in a time series is weak. Hochreiter et al. [19]
improved recurrent neural networks (RNN) and proposed long short time memory (LSTM),
which solved the problem of gradient explosion or disappearance [20,21], allowing for the
processing of long-term sequence data. By stacking multiple layers of LSTM, the effect of
the memory unit on the LSTM model is enhanced and the long-term sequence prediction
ability of the model is improved [22,23]. The polynomial model prediction results of the
traditional trend item prediction method are limited by the model, and the fitting results
are unstable. An improved method based on the autoregressive (AR) model has been
proposed. The threshold autoregressive (TAR) model [24,25] predicts the trend item of
the cumulative landslide displacement, segmented by threshold, and improves the trend
prediction ability through threshold segmentation.

The landslides in the Three Gorges Reservoir area are affected by environmental factors.
In addition to rainfall, there are also reservoir water levels. By focusing on landslides
affected by rainfall and reservoir water levels in this study, a combined prediction method
of cumulative landslide displacement based on VMD, stacked LSTM network models, and
TAR models was proposed, taking the Baishuihe landslide as an example. In Zigui County
in the Three Gorges Reservoir Area, using the time series decomposition method based
on VMD to decompose the cumulative landslide displacement, we built a stacked LSTM
network and introduced rainfall and reservoir water level influencing factors to establish
a prediction model for the cumulative displacement fluctuation term of the landslide.
In addition, the TAR model was used to predict the trend item, and the validity of the
combined VMD-LSTM-TAR landslide displacement prediction model was demonstrated
through the model prediction accuracy verification and by comparison with other models.

2. Theory and method
2.1. Variational Modal Decomposition

VMD is an adaptive modal variational method [26,27] that can separate various
frequency components in the signal data. Because the cumulative displacement of a
landslide has a certain periodic volatility, the VMD method is used to decompose the
cumulative displacement of the landslide, and the obtained components are divided and
superimposed according to the frequency to obtain the trend and fluctuation items of the
cumulative landslide displacement.

The main steps of VMD are as follows:

(1) Calculate the analytical signal of each mode uk(t) using the Hilbert transform to obtain
the unilateral spectrum, alias it with the corresponding center frequency, modulate the
baseband of the spectrum, and estimate the bandwidth of each mode. The restricted
variational expression is:

min
{uk}{ωk}

{
∑k ‖ ∂t[(δ(t) + j/πt) ∗ uk(t)]e−jωkt ‖2

2
}

s.t. ∑ K
k=1uk = f (t)

(1)

where {uk} and {ωk} are the k-th modal component and its center frequency after
decomposition, respectively, ∂t represents the partial derivative, j represents the
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imaginary unit, δ(t) is the Dirac function, * represents convolution, s.t. represents
the constraint, f (t) represents the original time series to be decomposed, and K is the
number of modal decompositions.

(2) Introduce the secondary penalty factor α and the Lagrangian multiplication operator
λ(t) to transform the constrained variational formula into an unconstrained problem:

L( {uk}, {ωk}, λ) = α ∑
k
‖ ∂t[(δ(t) + j/πt) ∗ uk(t)]e−jωkt ‖2

2 + ‖ f (t)−∑ kuk(t) ‖2
2 +
[
λ(t), f (t)−∑ kuk(t)

]
(2)

(3) Use the alternating direction multiplication operator to continuously update each
modal component uk(t) and the corresponding center frequency ωk, extend the saddle
point λ of the Lagrangian expression, and optimize the iterative expression:

ûn+1
k (ω) =

f̂ (ω)−∑i 6=k ûi(ω) +
λ̂(ω)

2

1 + 2α(ω−ωk)
2 (3)

ωn+1
k =

∫ ∞
0 ω

∣∣∣ûn+1
k (ω)

∣∣∣2dω∫ ∞
0

∣∣∣ûn+1
k (ω)

∣∣∣2dω

(4)

λ̂n+1(ω)= λ̂n(ω) + τ
[

f̂ (ω)−∑ kûn+1
k (ω)

]
(5)

where f̂ (ω), ûn+1
k (ω), and λ̂ (ω) are the Fourier transforms of f (t), uk(t), and λ(t),

respectively, and τ is the noise tolerance. When Formula (6) is satisfied, the iteration
is completed, and {uk} and {ωk} are the outputs.

∑ k
‖ ûn+1

k − ûn
k ‖

2
2

‖ ûn
k ‖

2
2

< ε (6)

where ε is the convergence tolerance.

The quadratic penalty factor α and number k of modal decomposition can be obtained
by the constraint optimization of (7):

min(xi −∑ ui,k) (7)

where xi is the original cumulative displacement and ui,k is the decomposition component.

2.2. Stacked Long Short Time Memory Network Model

The LSTM network model solves the problem of gradient disappearance in gradient
backpropagation [28,29], learns continuous tasks, and resets internal states.

The LSTM unit uses input, forget, and output gates to update the learning and memory
of the time-series data [30,31]. The LSTM unit structure is shown in Figure 1.
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Figure 1. LSTM unit structure. 𝐶, ℎ, 𝑥, 𝑓, 𝑖, and 𝑜 represent memory unit, output vector, input vector, 
forget gate, input gate, and output gate, respectively, and ⊕ and ⊗ represent the bitwise addition 
and multiplication operations, 𝜎 represents the sigmoid activation function, and tanh represents 
the hyperbolic tangent function. 
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where 𝑓, 𝑖, and 𝑜 represent the forget, input, and output gates, respectively, 𝑊 and 𝑏 rep-
resent the weight matrix and bias vector of the network, respectively, and 𝐶ሚ௧, 𝐶௧, ℎ௧, and 𝑥௧ 
represent the input memory state, current memory state, final output vector, and input 
vector, respectively. 𝜎 represents the sigmoid activation function, 𝑡𝑎𝑛ℎ represents the 
hyperbolic tangent function, and ⊙ represents the multiplication of the corresponding 
elements. 

Increasing the depth of the LSTM layer can improve the performance of the entire 
prediction model and reveal more complex features in the data. For a large amount of 
complex data, a recursive network with multiple hidden layers has better learning and 
prediction performance than a shallow surface network [32]. The stacking of LSTM levels 
has a greater effect than the increase in the internal memory units in the LSTM unit. The 
neural network model is formed by coupling multiple LSTM layers [33–35], and the pre-
diction performance is improved when there are long-term related data or multivariate 
time datasets. Therefore, this study adopted the stacked LSTM architecture to learn and 

Figure 1. LSTM unit structure. C, h, x, f , i, and o represent memory unit, output vector, input vector,
forget gate, input gate, and output gate, respectively, and ⊕and ⊗ represent the bitwise addition
and multiplication operations, σ represents the sigmoid activation function, and tanh represents the
hyperbolic tangent function.

The LSTM unit can be defined by the following functions:
Status of each gate control unit:

ft = σ
(

Wx f xt + Wh f ht−1 + b f

)
(8)

it = σ(Wxixt + Whiht−1 + bi) (9)

ot = σ(Wxoxt + Whoht−1 + bo) (10)

Memory unit status update:

C̃t = tanh(Wxcxt + Whcht−1 + bc) (11)

Ct = ft � Ct−1 + it � C̃t (12)

ht = ot � tanh(Ct) (13)

where f , i, and o represent the forget, input, and output gates, respectively, W and b repre-
sent the weight matrix and bias vector of the network, respectively, and C̃t, Ct, ht, and xt
represent the input memory state, current memory state, final output vector, and input
vector, respectively. σ represents the sigmoid activation function, tanh represents the
hyperbolic tangent function, and � represents the multiplication of the corresponding
elements.

Increasing the depth of the LSTM layer can improve the performance of the entire
prediction model and reveal more complex features in the data. For a large amount
of complex data, a recursive network with multiple hidden layers has better learning
and prediction performance than a shallow surface network [32]. The stacking of LSTM
levels has a greater effect than the increase in the internal memory units in the LSTM
unit. The neural network model is formed by coupling multiple LSTM layers [33–35],
and the prediction performance is improved when there are long-term related data or
multivariate time datasets. Therefore, this study adopted the stacked LSTM architecture to
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learn and train the monthly rainfall and average reservoir water level datasets and predict
the displacement of fluctuation items. As shown in Figure 2, xt enters layer LSTM 1 with
the hidden state ht−1 as the input vector, and outputs ht as the input of layer LSTM 2. After
all the LSTM layers have been stacked, the final output, h(n)t is obtained.

Remote Sens. 2022, 14, x FOR PEER REVIEW 5 of 21 
 

 

train the monthly rainfall and average reservoir water level datasets and predict the dis-
placement of fluctuation items. As shown in Figure 2, 𝑥௧ enters layer LSTM 1 with the 
hidden state ℎ௧ିଵ as the input vector, and outputs ℎ௧ as the input of layer LSTM 2. After 
all the LSTM layers have been stacked, the final output, ℎ௧(௡) is obtained. 

 
Figure 2. Stacked LSTM layers. 

2.3. Threshold Autoregressive Model 
The threshold Auto Regressive (TAR) model is an improvement of the autoregressive 

(AR) model. Due to the segmentation of the threshold, the model can model the data se-
quence in segments, which can avoid the accumulation of modeling errors caused by long-
term series data. Through parameter optimization, a prediction model that best fits the 
curve change can be established, which can describe the change of the sequence in detail. 
This study uses this model to conduct modeling prediction experiments on the trend dis-
placement obtained by time series decomposition. 

The AR model is a method used to analyze the internal correlation of data [36,37]. 
For observation sequence ሼ𝑥௧ሽ, we define the p-order autoregressive model AR(p) as fol-
lows: 𝑥௧ = 𝜑଴ + 𝜑ଵ 𝑥௧ିଵ + ⋯ + 𝜑௣ 𝑥௧ି௣ + 𝜀௧  (14)

where 𝜑௣  is not 0, ൛𝜑௣ ൟ is the autoregressive coefficient sequence and 𝜀௧  is the zero-
mean white noise sequence. 

The TAR model is a segmented AR model, which introduces m − 1 thresholds 𝑧௜(𝑖 = 1,2 ⋯ , 𝑚 − 1) in the value range of the observation sequence ሼ𝑥௜ሽ; the entire time 
series is divided into m threshold intervals, in which 𝑧଴ and 𝑧௠ can be used to represent 
the upper and lower bounds, respectively, according to the number of delay steps, the 
number of threshold delay steps here refers to the number of samples in each segment 
modeling interval, and the values are allocated to different threshold intervals. Then, AR 
models of different orders are used for the intervals in the interval. The model is: 𝑥௧ = 𝜑଴௞ + ෍  𝜑௜௞௤ೖ௜ୀଵ 𝑥௧ି௜ + 𝜀௧௞, 𝑧௞ିଵ < 𝑥௧ିௗ < 𝑧௞, 𝑘 = 1,2, ⋯ , 𝑛 (15)

where 𝜑௜௞ is the coefficient vector of the k-th threshold interval segmented model, 𝑞௞ is 
the order of the AR model used in the k-th threshold interval, 𝑑 is the number of delay 

Figure 2. Stacked LSTM layers.

2.3. Threshold Autoregressive Model

The threshold Auto Regressive (TAR) model is an improvement of the autoregressive
(AR) model. Due to the segmentation of the threshold, the model can model the data
sequence in segments, which can avoid the accumulation of modeling errors caused by
long-term series data. Through parameter optimization, a prediction model that best fits
the curve change can be established, which can describe the change of the sequence in
detail. This study uses this model to conduct modeling prediction experiments on the trend
displacement obtained by time series decomposition.

The AR model is a method used to analyze the internal correlation of data [36,37]. For
observation sequence {xt}, we define the p-order autoregressive model AR(p) as follows:

xt = ϕ0 + ϕ1xt−1 + · · ·+ ϕpxt−p + εt (14)

where ϕp is not 0,
{

ϕp

}
is the autoregressive coefficient sequence and εt is the zero-mean

white noise sequence.
The TAR model is a segmented AR model, which introduces m − 1 thresholds

zi(i = 1, 2 · · · , m− 1) in the value range of the observation sequence {xi}; the entire time
series is divided into m threshold intervals, in which z0 and zm can be used to represent the
upper and lower bounds, respectively, according to the number of delay steps, the number
of threshold delay steps here refers to the number of samples in each segment modeling
interval, and the values are allocated to different threshold intervals. Then, AR models of
different orders are used for the intervals in the interval. The model is:

xt = ϕk
0 + ∑ qk

i=1 ϕk
i xt−i + εk

t , zk−1 < xt−d < zk, k = 1, 2, · · · , n (15)
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where ϕk
i is the coefficient vector of the k-th threshold interval segmented model, qk is the

order of the AR model used in the k-th threshold interval, d is the number of delay steps in
the AR model, m is the number of threshold intervals, zk is the threshold value, and εk

t is a
mutually independent normal white noise sequence.

The model optimizes ϕk
i , qk, d, m, and zk and finds the most suitable multidimen-

sional parameters for the observed sample sequence. The optimization method sets the max-
imum threshold delay to dmax when selecting the threshold value. For any 1 ≤ d ≤ dmax,
zi(i = 1, 2 · · · , m− 1) can be used. The delay value is divided into m groups, and each
group builds an AR model and calculates the Akaike Information Criterion (AIC) value.
The AIC criterion is a standard for measuring the goodness of fit of a statistical model.
When the sum of m AIC values is the smallest, it corresponds to ϕk

i , qk, d, m, and zk
parameters being optimal. The formula for calculating AIC value is as follows:

AICk = ak In
(

σ2
k

)
+ n(qk + m), k = 1, 2, · · · , m (16)

In the formula, ak, σ2
k , and qk are the number of samples, variance of the sample

residuals, and order of the AR model in the k-th threshold interval, respectively.

3. VMD-Stacked LSTM-TAR Combined Prediction Model

The combined VMD-stacked LSTM-TAR prediction model proposed in this study
processes and predicts data based on the VMD method, the stacked LSTM network model,
and the TAR model. The main steps of the combined model data prediction are as follows:

(1) The VMD method is used to decompose the global positioning system (GPS) landslide
monitoring surface displacement data to obtain the displacement series of different
frequencies. The high-frequency and low-frequency components are combined to
obtain the fluctuation and trend series.

(2) A stacked LSTM network model was established, and rainfall and reservoir water
level data were introduced to dynamically predict the change in the fluctuation
displacement sequence. The data input set includes the rainfall of the previous month,
the rainfall of the current month, the fluctuation displacement of the previous month,
the average reservoir water level of the previous month, and the average reservoir
water level of the current month; the output data comprise the forecast data for the
fluctuation displacement of the current month.

(3) A TAR model is established to dynamically predict the trend sequence changes and
summarize the time series superimposition to obtain the cumulative displacement
prediction value of the landslide.

The data processing steps are shown in Figure 3.
The accuracy evaluation indicators of the cumulative landslide displacement predic-

tion model are the mean absolute error (MAE), root mean square error (RMSE), mean
relative error (MRE), and goodness of fit

(
R2), and the formulas are as follows:

MAE =
1
n ∑ n

i=1
∣∣x′(i)− x(i)

∣∣ (17)

RMSE =

√
1
n ∑ n

i=1(x′(i)− x(i))2 (18)

MRE =
1
n ∑ n

i=1

∣∣∣∣ x′(i)− x(i)
x(i)

∣∣∣∣ (19)

R2 = 1− ∑ n
i (x(i)− x′(i))2

∑ n
i (x(i)− x(i))2 (20)
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where x(i) and x′(i) are the original observation and model prediction values of the land-
slide displacement, respectively, x(i) is the mean of the original value, and n is the number
of prediction periods.
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4. Engineering Application and Model Verification

Taking the Baishuihe landslide in Zigui County of the Three Gorges Reservoir Area
as an example, the landslide body is located in the wide valley section of the Yangtze
River, the geographical location as shown in Figure 4, with a monoclinic bedding slope,
which is high in the south and low in the north, and spreads out to the Yangtze River
in a stepped shape. The Baishuihe landslide is 500 m long from north to south, 430 m
wide from east to west, with an area of 21.5 × 104 m2, an average thickness of about 30 m,
a volume of 645 × 104 m3, and the main sliding direction is 20◦. It is a large bedding
soil landslide. The landslide mass is mainly composed of Quaternary residual slope
accumulated gravel soil, and the landslide bedrock lithology is medium-thick sandstone
with thin mudstone. The sliding zone is mainly composed of silty clay containing gravel
or breccia, and the rock and soil material components of some sliding zones are breccia
and clay. Atotal of 11 GPS monitoring points [38] were placed in the Baishuihe landslide
body, and the monitoring data of monitoring point ZG118 on the middle and lower parts of
landslide body and the monitoring point ZG93 on the northeastern part of landslide body
were selected for model prediction and verification. The monitoring data of ZG118 were
collected monthly from January 2006 to December 2012, a total of 72 periods of GPS surface
displacement observation data; the monitoring data of ZG93 were collected from January
2006 to December 2011, a total of 60 periods of GPS surface displacement observation data.
The data changes are shown in Figure 5. The rainfall intensity will change seasonally, and
the cumulative displacement of the landslide will also rise periodically. When the rainfall
increases, the cumulative displacement of the landslide will also rise at the same time node,
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the uplift of the cumulative displacement of landslides often occurs when the monthly
average reservoir water level is low. This study uses the trends of rainfall intensity changes
and average reservoir water level changes to predict the occurrence of landslide cumulative
displacement fluctuations.
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4.1. Model Verification Experiment Example 1

Experimental example 1 shows the data of monitoring point ZG118. The experimental
steps are as follows.
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VMD is used to decompose the horizontal displacement sequence of the GPS moni-
toring points. The parameter selection is based on Formula (7), the convergence tolerance
ε is set to 10−7, the secondary penalty factor α is set to 0.5, the number k of the modal
decomposition is set to 10, and 10 modal components are obtained. The time sequence and
frequency spectrum diagrams of the decomposition are shown in Figure 6.
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As shown in Figure 6, the two components with frequencies close to zero in the decom-
position spectrum have the smallest periodic fluctuations. The trend sequence is obtained
by the IMF1-2 combination, and the fluctuation sequence is obtained by the remaining IMF
combination. The time-series decomposition results of the original cumulative landslide
displacement are shown in Figure 7.

For the 72 periods of landslide displacement data, periods 1–48 were used as training
samples, and periods 49–72 were used as prediction test values. A stacked LSTM network
model was established. The model uses three LSTM layers, and the number of neurons in
each layer is obtained through K-fold cross-validation optimization, which are 16, 4, and 16,
respectively. The model prediction introduces multiple influencing factors. The rainfall of
the previous month, the rainfall of the current month, the fluctuation displacement of the
previous month, the average reservoir water level of the previous month, and the average
reservoir water level of the current month were used as input data, and the fluctuation
displacement of the current month was the output forecast data.

The stacked RNN, BPNN, and LSTM models were established to verify the prediction
effect of the combined prediction model. Compared with the stacked LSTM model con-
structed in this study, the combined model proposed in this study and the model used for
comparison use its optimal prediction results, that is, each model has undergone K-fold
cross-validation parameter optimization and multiple iterations. After obtaining the opti-
mal parameters and initial weights, the prediction effect is compared. In order to ensure
uniformity, the K-fold cross-validation method is used to optimize network parameters for
all models, and initial weights are determined through multiple iterations, and the optimal
prediction results of each model are compared. The prediction results of the volatility items
are shown in Figure 8. The predicted value of the stacked LSTM model has the highest
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degree of fit with the extracted value of the fluctuation displacement, and the overall pre-
diction value was relatively stable. There are fewer errors in the prediction. In comparison,
the BPNN model fluctuates in the prediction results as the number of periods increases,
and large errors occur after the displacement increases, whereas the stacked LSTM model
has a relatively stable prediction accuracy over time, and the stacked RNN model has a
poor prediction effect as the number of periods increases, indicating the superiority of the
LSTM structure to the improved RNN.
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In addition, a TAR prediction model was established to dynamically model and predict
the cumulative displacement trend item of the landslide. The modeling sample and test
sets were the same as the prediction of the cumulative displacement fluctuation item. The
parameters of the model were set as follows: the maximum AR order was 5, the number
of threshold intervals was two, the maximum threshold delay was set to 5, the default
minimum AIC value was 1× 1010, 30–70% of the sample, and the quantile interval searched
for the optimal threshold with a progress of 1%. The prediction results for the trend item
are shown in Figure 9. The RMSE of the prediction result was 0.1742 mm, the MAE was
0.3261 mm, and the R2 was 0.9999.
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The time series of the trend item prediction sequence and the fluctuation item pre-
diction sequence were superimposed to obtain the cumulative displacement prediction
value of the landslide. To verify the prediction accuracy of the combined VMD-stacked
LSTM-TAR model, VMD-RNN-TAR, VMD-BPNN-TAR, and VMD were also established
using the prediction effects of the LSTM-TAR model, and the VMD-stacked LSTM-TAR
model has the highest prediction accuracy. The prediction results of each model are shown
in Figure 10, and the accuracy evaluation indicators are listed in Table 1.

Table 1. Accuracy evaluation of each model.

Accuracy Index MAE/mm RMSE/mm MRE R2

VMD-stacked LSTM-TAR 12.5969 16.8010 0.0057 0.9648
VMD-RNN-TAR 20.8895 24.7287 0.0094 0.9237
VMD-LSTM-TAR 18.2776 23.4579 0.0083 0.9313
VMD-BPNN-TAR 20.6954 26.3558 0.0093 0.9133

From Table 1, the combined VMD-stacked LSTM-TAR prediction model has the highest
prediction accuracy, with MAE of 12.5969 mm, RMSE of 16.8010 mm, MRE of 0.0057, and
the prediction accuracy index is better than the VMD-RNN-TAR, VMD-BPNN-TAR, and
VMD-LSTM-TAR prediction results. The R2 of the VMD-stacked LSTM-TAR prediction
result was 0.9648, and the predicted value had a good correlation with the original value.
As shown in Figure 10, the VMD-stacked LSTM-TAR model has fewer sharp points in
the prediction value, the stacking of LSTM levels has a greater effect than the increase
in the internal memory unit of the LSTM, and the prediction of the cumulative landslide
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displacement is more stable, which confirms the predictive ability and reliability of the
constructed model.
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4.2. Model Verification Experiment Example 2

Experimental example 2 shows the data of monitoring point ZG93. The experimental
steps are as follows.

VMD is used to decompose the horizontal displacement sequence of the GPS moni-
toring points. The parameter selection is based on Formula (7), the convergence tolerance
ε is set to 10−7, the secondary penalty factor α is 0.6, the modal decomposition number k
is 10, and ten modal components are obtained. The decomposed sequence and spectrum
diagrams are shown in Figure 11.

As shown in Figure 11, the two components with frequencies close to zero in the de-
composed spectrum have the smallest periodic fluctuations. The trend sequence is obtained
by the IMF1-2 combination, and the fluctuation sequence is obtained by the remaining IMF
combination. The time-series decomposition results of the original cumulative landslide
displacement are shown in Figure 12.

For the 60 periods of landslide displacement data, periods 1–48 were used as training
samples, and periods 49–60 were used as prediction test values. A stacked LSTM network
model was established. The model uses three LSTM layers, and the number of neurons
in the three layers, obtained through K-fold cross-validation optimization, is as follows:
16, 3, and 16. The rainfall, fluctuation displacement, average reservoir water level of the
previous month, and the rainfall, average reservoir water level of the current month are
used as input data, and the fluctuation displacement of the current month is the output
forecast data.
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The stacked RNN, BPNN, and LSTM models were established to verify the prediction
effect of the combined prediction model. The prediction results of the volatility items for
each model are shown in Figure 13. The stacked LSTM model predictive value has the
highest degree of fit for the fluctuation displacement, and the error is smaller than that
of the other models; the BPNN and LSTM models show greater error fluctuations in the
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prediction results as the number of prediction periods increases; the overall prediction
effect of the stacked RNN model is poor, and there are many spikes during the prediction.
When all models predict the second half of the period, the prediction error increases, which
may be caused by the weaker correlation between the changes in data and the influencing
factors. The ability to map from changes in rainfall and reservoir water levels to changes in
displacement is weakened, and the prediction effect deteriorates.
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In addition, a TAR prediction model was established to dynamically model and predict
the cumulative displacement trend item of the landslide. The modeling sample and test
sets were the same as the prediction of the cumulative displacement fluctuation item. The
parameters of the model are set as follows: the maximum AR order is 5, the number of
threshold intervals is two, the maximum threshold delay is 5, the default minimum AIC
value is 1 × 1010, and the search for optimal thresholds is 1% of the 30–70% positioning
range. The prediction results for the trend item are shown in Figure 14. The RMSE of the
prediction was 0.9248 mm, while the MAE was 0.7126 mm and the R2 was 0.9988.

The time series of the trend and fluctuation item prediction sequences were superim-
posed to obtain the cumulative displacement prediction value of the landslide. To verify
the prediction accuracy of the built VMD-stacked LSTM-TAR combination model, VMD-
RNN-TAR, VMD-BPNN-TAR, and VMD were also established using the prediction effects
of the LSTM-TAR model. The VMD-stacked LSTM-TAR model had the highest prediction
accuracy. The prediction results of each model are shown in Figure 15, and the accuracy
evaluation indicators are listed in Table 2.
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Table 2. Accuracy evaluation of each model.

Accuracy Index MAE/mm RMSE/mm MRE R2

VMD-stacked LSTM-TAR 11.3149 15.4577 0.0051 0.9183
VMD-RNN-TAR 21.4259 27.0099 0.0098 0.7506
VMD-LSTM-TAR 19.4084 27.2186 0.0089 0.7467
VMD-BPNN-TAR 25.3143 29.1320 0.0115 0.7099
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As shown in Table 2, the VMD-stacked LSTM-TAR combined prediction model has the
highest prediction accuracy: MAE is 11.3149 mm, RMSE is 15.4577 mm, MRE is 0.0051, and
the prediction accuracy index is better than the prediction results of VMD-RNN-TAR, VMD-
BPNN-TAR, and VMD-LSTM-TAR. The R2 of the VMD-stacked LSTM-TAR prediction
result was 0.9183, and the predicted value had a strong correlation with the original value.
As shown in Figure 15, the prediction value of the VMD-stacked LSTM-TAR model is the
most consistent with the original displacement change. In the first half of the prediction,
the VMD-stacked LSTM-TAR had the highest prediction accuracy and the most stable
prediction of the cumulative landslide displacement. The learning effect of the affected
factors was not good in the second half of the prediction. Because VMD-stacked LSTM-TAR
is based on LSTM, it still has a good prediction effect, and the prediction results are better
than those of VMD-RNN-TAR and VMD-BPNN-TAR, which confirms the prediction ability
and reliability of the constructed model.

5. Discussion

This study uses the data of the ZG118 and ZG93 monitoring points of the Baishuihe
landslide in Zigui County of the Three Gorges Reservoir area to verify the combined
prediction model. The landslide is located in the reservoir area. In addition to the geological
conditions of the landslide body, it is also affected by changes in rainfall and reservoir water
level. This study proposes a new combined prediction method to discuss the nonlinear
effects of rainfall and reservoir water level changes on the cumulative displacement of the
landslide. At the same time, the accuracy of the proposed model is verified, and a data
analysis method is provided for the monitoring and early warning of landslides in the
reservoir area.

In this study, VMD is used as the extraction method of the fluctuation displacement
and trend displacement of the landslide, and the signal decomposition of the landslide
displacement is carried out in the frequency domain. After the decomposition, the changing
frequency of each displacement signal component can be clearly observed. When the
components are combined, the selection is clearer and can accurately separate the trend
term and the fluctuation term of the cumulative displacement of the landslide.

In the prediction experiment of the trend item, the TAR model is used to predict and
verify the accuracy of the trend item displacement of the ZG118 and ZG93 monitoring
points, and the R2 can reach 0.99, indicating that the predicted displacement is consistent
with the actual displacement. The forecasting accuracy is high, meeting the demand for
trend forecasting.

The prediction error of the cumulative displacement of the landslide mainly comes
from the fluctuation term. After the statistical analysis of the prediction verification results,
in the ZG118 monitoring point data model prediction experiment, VMD-stacked LSTM-
TAR is relatively better than VMD-RNN-TAR, VMD-LSTM-TAR, and VMD-BPNN-TAR;
the prediction accuracy MAE is increased by 39.70%, 31.08%, 39.13%, and the prediction ac-
curacy RMSE is increased by 32.06%, 28.38%, 36.25%, respectively. In the ZG93 monitoring
point data model prediction experiment, compared with VMD-RNN-TAR, VMD-LSTM-
TAR, VMD-BPNN-TAR, and the prediction accuracy MAE of VMD-stacked LSTM-TAR is
improved by 47.19%, 41.70%, and 55.30%, respectively;. The prediction accuracy RMSE
is improved by 42.77%, 43.21%, and 46.94%, respectively. It can be seen that the stacked
LSTM method has a greater improvement in the prediction accuracy of the fluctuation term.
On the one hand, the LSTM model has the stronger ability to mine time series data. On the
other hand, the stacked LSTM layer improves the prediction accuracy and stability of the
LSTM model. The increase in the depth of the LSTM structure enhances the ability of deep
learning on complex data, not just before and after memory updates on the time series.

The research object is the landslide in the Three Gorges Reservoir area, and the external
environmental factors are rainfall and the change of the reservoir water level. In this study,
the sample data are the rainfall of the previous month, the rainfall of the current month, the
average reservoir water level of the previous month, the average reservoir water level of the
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current month, and the fluctuation displacement of the previous month, and they are used
to predict the displacement of the current month and to explore the effect of monthly rainfall
and reservoir water level changes on monthly displacement. The combined prediction
model based on the machine learning model was used to verify this prediction method. The
experimental results show that this method can effectively predict the monthly variation of
landslide displacement and has a higher prediction accuracy. Based on the displacement of
the previous month, after a month of rainfall and changes in reservoir water levels, one can
compare whether the predicted displacement this month is significantly different from the
actual displacement change. If the difference is large, in addition to the influence of normal
seasonal rainfall and reservoir water level fluctuations, the actual displacement of the
landslide mass increases and there is a landslide acceleration. At this time, the monitoring
sampling rate can be increased to support landslide warning with more data. Based
on the prediction model, through long-term series learning and mining, the prediction
accuracy can be improved, which can support the monitoring, analysis and early warning
of landslides.

6. Conclusions

In this study, a VMD-stacked LSTM-TAR cumulative landslide displacement predic-
tion model was constructed based on VMD, the stacked LSTM model, and the TAR model,
and the cumulative landslide displacement was decomposed and reconstructed into the
trend and seasonal fluctuation sequences under the landslide geological environment via
the VMD method. We analyzed the impact of the location of monitoring points, as well as
rainfall and reservoir water level changes, on the landslide displacement and introduced
the rainfall of the previous and current months, the average reservoir water level of the pre-
vious month and current months, and the fluctuation displacement of the previous month
to predict the fluctuation displacement of the month. We then established a multi-factor
stacked LSTM model. By comparing the prediction results with other models, the stacked
LSTM model was found to have better stability in predicting the fluctuation displacement.
The prediction accuracy was higher than that of the LSTM model, and it was also affected
by prediction interference. Our proposed model can consistently achieve the long-term
prediction of LSTM. Moreover, the AR model was improved to establish the TAR model
and predict the trend sequence of the cumulative landslide displacement. Finally, the trend
and fluctuation sequences were combined to obtain the cumulative displacement of the
landslide prediction. The prediction result is better than that of the combined model using
LSTM, stacked RNN, and BPNN as the volatility prediction method. The prediction accu-
racy is the highest for the proposed model, which proves the effectiveness of the method
proposed in this study for predicting landslides.

Using time series analysis and prediction, the prediction of the cumulative land-
slide displacement is primarily aimed at the prediction of displacement fluctuation items
affected by the environment. The establishing of a more effective and universal volatility
displacement prediction model, the improvement of the ability of the model to assimilate
landslide impact factors and landslide deformation, and to improve the prediction accuracy
of the cumulative landslide displacement is of great significance for long-term safety
monitoring and the early warning of landslides.
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