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Abstract: Slope deformation monitoring and analysis are significant in the geological survey of
hydraulic engineering. However, predicting future slope deformation is a vital and challenging task
for engineers. The accurate estimation of slope displacement is required for the risk assessment of
slope stability. This study was conducted using slope deformation data obtained by interferometric
synthetic aperture radar. Five typical points of the slope in different zones were selected to establish
the prediction model. Based on the observed data, a prediction model based on long short-term
memory (LSTM) and autoregressive integrated moving average (ARIMA) was proposed. Firstly,
ARIMA and LSTM models were used separately to predict slope deformation. Root mean square
error, mean absolute error, and R2 were used to evaluate the performance of the models, and the
results showed that LSTM is more effective than ARIMA. It denotes that the LSTM model can catch
the trend in the data sequence with time, and ARIMA is good at predicting the bias in the stationary
data sequence. Then, the predictions of ARIMA were added to the original data while the new
data were fed to the LSTM model. For most data points, our LSTM-ARIMA model achieved good
performance, indicating that the model is robust in slope deformation prediction. The effectiveness of
the proposed LSTM-ARIMA model will enable engineers to take corresponding measures to prevent
accidents before landslides occur.

Keywords: InSAR; slope deformation; LSTM; ARIMA; deep learning

1. Introduction

Landslides are a significant disaster in hydraulic engineering projects, which not
only constitute a considerable threat to engineering management but also destroy the
environment. In China, landslides occur frequently and cause mass casualties and property
damage yearly. As complex geological conditions and a harsh construction environment
typically surround hydraulic engineering projects, engineers struggle to escape and save
injured rescuers in the event of a landslide. Therefore, the study of landslide mechanisms
and slope deformation is significant, as it can help to develop proactive measures for
landslide prevention.

Some scholars’ studies have investigated the mechanism behind rock slope defor-
mation. Zhang et al. [1] studied the toppling mechanisms and used numerical meth-
ods to simulate the deformation mechanism, considering the geological survey, adit
prospecting, borehole logging, and sonic test data. The results showed that the method
was appropriate for toppling evolution analysis. Zhang et al. [2] also studied the top-
pling failure mode of a slope under the influence of an earthquake using the discrete
element numerical method. Yan et al. [3] proposed a comprehensive control measure,
i.e., “drainage + unloading + support”, noting that drainage should be addressed to pre-
vent landslides in Jinjiling. In the research on slope deformation and landslide mechanisms,
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scholars have analyzed the influence of rainfall [4–6], groundwater [7–9], and rock com-
positions [10–12]. However, established models are typically only effective for specific
engineering projects and thus poor in generalization ability. The complexity of landslide
and slope deformation mechanisms hinders the development of a generic model.

It has been argued that an accurate observation is significant in slope deformation
analysis. Hence, multiple types of sensors are adopted in slope monitoring in real engi-
neering projects. Optical fiber sensors (OFS) [13,14] are widely used for monitoring slope
deformation. Distributed optical sensors [15] are highly effective for monitoring the de-
formation to evaluate the potential for landslide occurrence. Other common techniques
for landslide analysis are the observation of slope deformation, high-resolution imaging,
and computer vision. Parente et al. [16] used at least four digital single-lens reflex cameras
to build a monitoring system and estimate image differences through three-dimensional
scene reconstruction. Li et al. [17] used unmanned aerial vehicles and the U-Net model
to monitor landslide deformation. This technique is new and has only been verified in
several engineering projects. An accurate monitoring technique is terrestrial laser scan-
ning: Li et al. [18] used terrestrial laser scanning point clouds to obtain slope geometric
information and assess slope deformation quantitatively. Li et al. [19] used terrestrial laser
scanning techniques to observe rock movement on a high slope, and the results showed that
the method was effective. However, terrestrial laser scanning is expensive and unsuitable
for large-scale slope monitoring. Therefore, the interferometric synthetic aperture radar
(InSAR) technique has been proposed for monitoring slope deformation. Sun et al. [20]
examined the deformation of a slope for approximately three years prior to the landslide
using 16 ascending InSAR images. Dai et al. [21] used InSAR to recognize the potential
landslides in Gansu Province. Zhang et al. [22] used InSAR to investigate slowly developed
landslides of a mountain with steep topography. Conducting slope deformation using the
InSAR technique is inconvenient and depends on the engineers’ experience.

In terms of analyzing the monitoring data of slope deformation, the use of statistical
models has been proposed. Tang et al. [23] compared logistic regression, the weight of
evidence, and information value models to assess different types of landslides considering
causal factors. Li and Huang [24] proposed a kernel grey model considering a fractional
operator to predict landslide displacement. Shahabi et al. [25] applied frequency ratio,
logistic regression, and fuzzy logic to conduct susceptibility mapping using remote sensing
data. The working of statistical models can be explained, but they perform worse than
machine learning algorithms.

Machine learning algorithms are widely applied to slope deformation monitoring
data in predicting slope deformation, and the algorithms include support vector machine
(SVM) [26–28], random forest (RF) [29,30], and artificial neural networks (ANN) [31–33].
Optimized and improved models based on intelligent algorithms have been established
for specific data sequences. Zhang et al. [34] proposed an ensemble model (RF model with
Bayesian optimization and the Kalman filter) to predict slope deformation monitoring
data trends for cumulative slope displacement. Deng et al. [35] used an extreme learning
machine optimized with the lasso algorithm to predict landslide displacement trends. Garg
et al. [36] used ARIMA to analyze long-term noise monitoring data and found that the
ARIMA approach is reliable for time-series modeling of traffic noise levels. Hu et al. [37]
used a combined LSTM–ARIMA model to predict dam deformation and found that the
ARIMA model is suitable for processing complex nonstationary time series data.

Deep learning models that consider time series data features have also been applied
to predicting slope deformation, including recurrent neural network (RNN), gated recur-
rent unit (GRU), and long short-term memory (LSTM). Chen et al. [38] applied a genetic
algorithm-optimized RNN to predict a landslide. The performance of the improved RNN
was better than that of the ANN model. Zhang et al. [39] compared multiple intelligent
algorithms, including ANN, RF multivariate adaptive regression splines (MARS), and GRU.
GRU can identify the local and global information of the data sequence. Yang et al. [40] ap-
plied LSTM to analyze landslide displacement and found that the LSTM model can extract
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the dynamic features of landslides compared with other models. Wang et al. [41] used the
CEEMDAN and the attention mechanism combined with the LSTM to establish a dynamic
prediction model for landslide displacement. A comparison of results obtained showed that
the CEEMDAN-AMLSTM model achieved competitive accuracy. Jiang et al. [42] combined
LSTM neural networks and the support vector regression algorithm with optimal weight
to predict slope deformation. The proposed ensemble model effectively constructed the
mapping relationship between landslide deformation and causative factors. Xing et al. [43]
established double moving average decomposition and LSTM network coupling prediction
model for landslide displacement. Zhang et al. [44] used LSTM to establish a prediction
model, which has a strong advantage for step landslide deformation with short-term impact.
These studies show that LSTM is suitable for predicting landslide deformation.

In this study, we propose an LSTM-ARIMA model to predict slope deformation using
InSAR data. Typical points of different zones were selected to analyze the slope deformation
trend. The ARIMA and LSTM models were first applied individually, and the LSTM model
outperformed the ARIMA model. Finally, the ARIMA prediction was taken as a new
feature to train the LSTM-ARIMA model. The result shows that the proposed model is
robust in slope deformation prediction.

2. Methodology

Accurate predictive modeling for slope deformation is significant in engineering
construction, especially in hydraulic engineering. Different types of monitoring tools are
generally used for observing slope deformation. However, monitoring all parts of a slope
and the slope evaluation are difficult. Hence, we propose a slope deformation data analysis
and evaluation method based on the InSAR monitoring technique. The research framework
is illustrated in Figure 1.
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Figure 1. Overall framework and flowchart.

1. Data monitoring is the first step in slope deformation prediction. In this study, we
used InSAR to acquire slope deformation data. According to the difference between
the two observations, the slope deformation distribution map at different periods can
be obtained. We divided the target slope into different zones. In the divided zones,
we selected a reference point, and the data of the point were used to represent the
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deformation of the monitored zone. Thus, the curve of the deformation with time
was obtained.

2. Model building is the second step in slope deformation prediction. In our research,
long short-term memory (LSTM) was adopted in deformation prediction. The attention
mechanism was also considered in the LSTM establishment. Then, the additive model
was used to build training features. Both the original and generated features were fed
to the LSTM model. According to the idea of the model ensemble, the final prediction
model was established.

3. Model evaluation is the final step in slope deformation prediction. To evaluate the
slope deformation model, we used three model evaluation metrics, i.e., root mean
square error (RMSE), mean absolute error (MAE), and R-square (R2). The model was
built using monitored data from five reference points in the 4# landslide of the Cihaxia
hydropower station. Finally, the actual data and test results were compared to evaluate
the prediction results. Model evaluation is the final step in slope deformation prediction.

We discuss the strengths and weaknesses of slope deformation prediction in this
paper. According to our observations, the slope deformation would continue. As the slope
deformation may change rapidly or remain stable in the future, the model must be retrained
to obtain new rules for the deformation change.

2.1. The Fundamental Principle of InSAR

InSAR uses radar technology to acquire two or more SAR images from various ob-
servation angles of the same ground area and performs interferometric measurements on
the research area. The InSAR technology mainly establishes the correspondence function
relationship between phase and surface elevation and surface deformation through phase
analysis. The relationship is then used to solve the specific ground elevation and surface
shape variables. Figure 2 illustrates the InSAR technical geometry.

Water 2022, 14, x FOR PEER REVIEW 4 of 26 
 

 

2. Model building is the second step in slope deformation prediction. In our research, 
long short-term memory (LSTM) was adopted in deformation prediction. The atten-
tion mechanism was also considered in the LSTM establishment. Then, the additive 
model was used to build training features. Both the original and generated features 
were fed to the LSTM model. According to the idea of the model ensemble, the final 
prediction model was established. 

3. Model evaluation is the final step in slope deformation prediction. To evaluate the 
slope deformation model, we used three model evaluation metrics, i.e., root mean 
square error (RMSE), mean absolute error (MAE), and R-square (R2). The model was 
built using monitored data from five reference points in the 4# landslide of the 
Cihaxia hydropower station. Finally, the actual data and test results were compared 
to evaluate the prediction results. Model evaluation is the final step in slope defor-
mation prediction.  
We discuss the strengths and weaknesses of slope deformation prediction in this pa-

per. According to our observations, the slope deformation would continue. As the slope 
deformation may change rapidly or remain stable in the future, the model must be re-
trained to obtain new rules for the deformation change. 

2.1. The Fundamental Principle of InSAR 
InSAR uses radar technology to acquire two or more SAR images from various ob-

servation angles of the same ground area and performs interferometric measurements on 
the research area. The InSAR technology mainly establishes the correspondence function 
relationship between phase and surface elevation and surface deformation through phase 
analysis. The relationship is then used to solve the specific ground elevation and surface 
shape variables. Figure 2 illustrates the InSAR technical geometry. 

 
Figure 2. Model for InSAR interferometric geometry. 

As depicted in Figure 2, P is the target ground observation point; S1 and S2 are the 
antenna positions of the remote sensing platform when the satellite acquires SAR images 
twice; R1 and R2 are the corresponding slope distances from the satellite to the ground 
target during the two observations; h is the height from the ground; H is the distance from 
the satellite to the reference ellipsoid; B represents the spatial baseline between satellite 
observations; B|| is the component along the radar’s line of sight; B⊥ is the component 

Figure 2. Model for InSAR interferometric geometry.

As depicted in Figure 2, P is the target ground observation point; S1 and S2 are the
antenna positions of the remote sensing platform when the satellite acquires SAR images
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twice; R1 and R2 are the corresponding slope distances from the satellite to the ground
target during the two observations; h is the height from the ground; H is the distance from
the satellite to the reference ellipsoid; B represents the spatial baseline between satellite
observations; B‖ is the component along the radar’s line of sight; B⊥ is the component
perpendicular to the radar’s line of sight; Bh is the horizontal projection of baseline B; Bv is
the vertical projection of baseline B; α is the angle between the horizontal direction and B;
and θ is the radar observer side view. The relationship among all variables is expressed in
Equations (1) and (2).

Bh = B cosα, Bv = B sinα (1)

B‖ = B cos(θ − α), B⊥ = B sin(θ − α) (2)

Without considering noise, the radar wave is divided into corresponding absolute phases
ψ1 and ψ2 along the slant distances R1 and R2, which can be represented by Equation (3).

ψ1 = −4πR1

λ
= −(n1 · 2π + φ1), ψ2 = −4πR2

λ
= −(n1 · 2π + φ2) (3)

where n1 and n2 are phase integers; λ is the wavelength of radar electromagnetic waves;
and the non-integer periodic phases of the radar propagation along slant distances R1 and
R2 are indicated by φ1 and φ2, respectively. The length of the reference baseline is much
larger than the two slant distances. As shown in the geometric relationship illustrated in
Figure 2, both slope distances are parallel to each other. Thus, Equation (4) is obtained
as follows:

B‖ = R1 − R2 = −λ(ψ1 − ψ2)

4π
(4)

Substitute the absolute phases ψ1 and ψ2 into Equation (4) to obtain Equation (5).

B‖ =
λ · (n1 − n2)

2
+

λ · (φ1 − φ2)

4π
(5)

It can be seen from Equation (5) that factors such as reference ellipsoid surface, ground defor-
mation displacement, and interference geometry can be expressed in the slant distance difference.

During monitoring, if the surface is deformed, the observation point P moves to point
P1. The displacement deformation of point P is r, and ∆r is the change in slope distance
in the direction of the radar’s line of sight after deformation. After the interferometric
processing of the secondary imaging image, the interference phase caused by surface
deformation is obtained, as shown in Equation (6).

ψ = −4π

λ
(R1 − R′2) (6)

As the amount of displacement is numerically negligible relative to the slope distances,
R′2 = R2 +4R; hence, Equation (6) can be expressed as Equation (7).

ψ = −4π

λ
(R1 − R2) +

4π

λ
4 R (7)

In Equation (7), the first term on the right-hand side is the combination of the interfer-
ence phase in the terrain phase and the reference ellipsoidal phase; the second term on the
right-hand side is the deformation phase component caused by the surface displacement.
The deformation phase ϕdef can be expressed as Equation (8).

ϕde f =
4π

λ
4 r (8)
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2.2. ARIMA Model

In slope deformation monitoring and analysis, the monitoring data are composed of
trends, seasonal items, and bias. In the model establishment, two types of models can be
selected: additive model and multiplicative model. The trend, seasonal item, and bias
can be expressed as T(t), S(t), and B(t), respectively. The two models are expressed in
Equations (9) and (10), respectively.

f (t) = T(t) + P(t) + B(t) (9)

y(t) = T(t)× P(t)× B(t) (10)

The multiplicative model can be expressed as:

ln y(t) = ln yT(t) + ln P(t) + ln B(t) (11)

Equation (11) is also an additive model, denoting that the additive model can reflect
the time series features during the model establishment. Hence, the additive model is
selected as the slope deformation prediction model.

For a time-dependent series, the inner correlation of the data enables the prediction of
the data at a specific time using previous data. The autoregressive (AR) model calculates
the predicted value using a linear combination of the sum of previous data and a bias term.
The AR model can be expressed as Equation (12).

Yt = εt + β1Yt−1 + β2Yt−2 + . . . + βpYt−p (12)

where Yt and εt are the true value and the bias, respectively; βi (i = 1,2,3. . . ) are the
model parameters. Yt is a linear combination in a moving average (MA) model and can be
expressed as Equation (12).

We combine the AR and MA models with the difference method to build the ARIMA model.

Yt = β1Yt−1 + β2Yt−2 + . . . + βpYt−p + εt + α1εt−1 + α2εt−2 + . . . + αqεt−q (13)

αi(i = 1,2,3 . . . ) are the model parameters similar to βi.

2.3. LSTM-Attention Model

The LSTM is an RNN model with feedback connections. RNN achieves significant
performance in time series sequence processing. However, RNN struggles to use infor-
mation from previous steps in later steps because of its short-term memory. Additionally,
the gradient vanishing problem exists in the RNN model; the gradient is a value used to
update the weight of the neural network. The gradient vanishing problem occurs when the
gradient shrinks as it propagates backward over time. If the gradient becomes extremely
small, it contributes little to learning; therefore, the LSTM was proposed. Cells in the LSTM
network control learning for a long period. An LSTM cell includes the input gate, output
gate, and forget gate, as illustrated in Figure 3. The information transmission is controlled
by the three gates in the LSTM block, and the three gates determine the data to keep or
discard. The relevant information in the long chain of data sequences can be learned using
the gates.

Moreover, the three gates in the LSTM block can be used to solve the gradient vanishing
problem. At time t, the gate generates variables it, ft, and ot. Variable ht is the output; ht−1
represents the hidden state and determines how much information is contained from xt to
ct. The information transferred to cell state ct−1 is determined by ft, and ot determines the
final output, ht. The specific formulae of LSTM are expressed in Equations (14)–(18).

ft = σ
(

W f · [ht−1, xt] + b f

)
(14)

it = σ(Wi · [ht−1, xt] + bi) (15)
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ot = σ(Wo · [ht−1, xt] + bo) (16)

Ct = ft � Ct−1 + it � tanh(Wc · [ht−1, xt] + bc) (17)

ht = Ot � tanh(Ct) (18)
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2.4. Attention

The attention mechanism is based on human visual attention, which is attracted by a
significant part of a scene while ignoring unnecessary information. This idea is different
from that of global attention. The attention mechanism assigns a larger weight to certain
parts of a scene as it prioritizes the information of the area of interest in the scene. Therefore,
the LSTM model can be optimized by adding an attention mechanism.

In this study, the LSTM model and attention mechanism were combined. As the LSTM
model obtains the time series-related information, the attention block selects the critical
information in the slope deformation data sequence. In the model training process, the data
created by the LSTM are assigned corresponding weights by the attention block, indicating
that certain parts of the data are addressed using attention. The attention block can assign
corresponding weights automatically in different layers of the LSTM. Equations (19)–(21)
express the attention block in the LSTM.

Ft = tanh
(

Wt × hT
t + bt

)
(19)

at =
eFt

T
∑

t=1
eFt

(20)

FA =
T

∑
t=1

atFt (21)
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ht is the output of the hidden layers in the LSTM. FA is the output of the attention
block, Wt is the weight, and bt is the attention block bias.

2.5. Model Evaluation Metrics

Root mean square error (RMSE), mean absolute error (MAE), and R-square (R2) were
selected as the model evaluation metrics to evaluate the model. The metrics are expressed
in Equations (22)–(24):

RMSE =

√
1
n

n

∑
i=1

(
yi −

_
y i

)2
(22)

MAE =
1
n

n

∑
i=1

∣∣∣yi −
_
y i

∣∣∣ (23)

R2 = 1−

n
∑

i=1

(
yi −

_
y i

)2

n
∑

i=1
(yi − yi)

2
(24)

where yi is the prediction,
_
y i is the actual data, and yi is the mean of the output data.

3. Case Study
3.1. Engineering Project Review

The 4# landslide of the Cihaxia hydropower station was selected as a case study in this
work. At the upstream and downstream areas are Erduo and Banduo hydropower stations,
respectively. The location of the Cihaxia hydropower station is shown in Figure 4(1). The
dam is a concrete-faced sand and gravel rockfill dam. With a typical high water level of
2990 m. The installed capacity of the project is 2600 MW. The water release structures are
located on the right bank, while the intake structure and diversion tunnel are located on
the left bank. The engineering project was purposed for electricity generation.
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It can be observed from Figure 5 that the compression faults between the rock strata
are the most developed, constituting two-thirds of all the faults. The occurrence of these
faults is similar to that of the responding rock strata. Shear faults are the second most
developed but have a scattered distribution, making it difficult to find them on the iso-
density map. In the geological survey, the faults and fractures in the sandstone stratum
(T2-Ss) are less than those in another stratum. In the rock stratum of slate, the number of
faults increases, especially in the interlaminated sand slate rock strata. The faults develop
along the boundary of the sand and slate. Meanwhile, more faults and fractures exist in a
large scale in the landslide slope, which is caused by the shear movement of dipped rock.
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It can also be observed that the shallow faults between the rock strata are only less
developed than the compression faults, which constitute one-third of all the faults. The
shallow faults are of a large scale and have a long extension distance. All faults belong
to four dominant groups. The groups were 1, 2, 3, and 4 in order of their dominant
development, as shown in Figure 6.
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The strike direction, dip azimuth, and dip angle of the first group of faults are
NE10◦–55◦, SE(NW), and 65◦–85◦, respectively. The width of the faults zone is in the
range of 5 cm–15 cm, and the maximum value of the width is 200 cm. The composition of
the fault zone is mylonite, breccia, mudstone, and cataclasite. The surfaces of the faults’
rupture are smooth.

The second group comprises slightly inclined faults with a small scale, which are
developed at the dam site. The width of the faults zone is in the range of 10 cm–25 cm.
The composition of the fault zone is breccia, mudstone, and cataclasite. The extension
distance of the faults’ rupture is short; however, two large faults, F1 and F27, are detected.
F1 is detected in adit PD24, PD27, PD34, and PD40 while F27 is detected in adit PD10,
PD21, and PD22. They are the control structures of the rock deformation and rock slope
stability. The strike direction, dip azimuth and dip angle of F1 are NE18◦–37◦, NW, and
19◦–25◦, respectively. The width of the faults zone is in the range of 97 cm–500 cm. A
fault gouge zone exists in the middle of the faults zone. Aside from the fault gouge zone,
cataclasite, and rock cuttings are also present. The extension distance of the fault gouge
zone is approximately 520 m. The strike direction, dip azimuth, and dip angle of F27 are
NE13◦–21◦, NW, and 37◦–41◦, respectively. The width of the faults zone is in the range of
240 cm–510 cm. The composition of the fault zone is breccia, mudstone, and cataclasite,
which are scattered in the zone. Striations are observed on the surfaces of faults’ rupture,
and the extension distance of F27 is approximately 480 m. F27 is the control creep surface
of the right bank at the dam site.

The third group comprises slightly inclined faults with high and middle dip angles
and a small scale; these faults are developed at the dam site. The width of the faults zone is
in the range of 10 cm–25 cm. The composition of the fault zone is breccia, mudstone, and
cataclasite, which are slightly scattered, while the extension distance of the faults is short.

The fourth group comprises the least number of developed faults. The width of the
faults zone is in the range of 5 cm–15 cm. The composition of the fault zone is cataclasite,
breccia, mylonite, and mudstone.

The strata at the dam site are layered or thin-layered. The fractures are developed
between the different strata, and the fractures are open because of geological processes.
The width of the fractures is in the range of 2 mm–5 mm, with a maximum value of 10 mm.
The composition of the fracture zone is rock power, rock cuttings, and mud with iron oxide
red rust. The deep of the fractures is closed, and the occurrence of the fractures is the same
as that of the responding strata. A total of 16,348 fractures are logged in the adits, and the
groups of the fractures are illustrated in Figure 6.

There are eight main strata in the landslide slope. Depending on the rock formation
and the terrain, we divided it into different parts with color lines, and the lithology is
shown in Figure 7.

1. T2-Ss is a medium-thin layered sandstone mixed with slate. The sandstone is celadon
to gray, medium-to-fine-textured, and layer-structured. The layer has a thickness in
the range of 5 cm–25 cm; it is compacted, hard, and weather-resistant.

2. T2-Ss + Sl: It is a celadon sandstone mixed up with a gray slate.
3. T2-Sl is thin- to ultra-thin layered slate mixed with sandstone. The slate is gray to dark

gray, medium-to-fine-textured, and layer-structured. The thickness of the layer is in
the range of 0.5 cm–10 cm. The rock is relatively soft and not weather-resistant.

4. The intermediate-acid intrusive dike of the Indo-Chinese epoch (γ5) is mainly com-
posed of granite, quartz diorite, and quartzite. It is compacted, hard, and weather-
resistant. It intrudes into the rock in the direction of the layer as a dike cutting the
T2c stratum.

5. The tertiary period Pliocene series (N2) is distributed on the top of the landslide slope,
soft, and mainly composed of red-purple aleuropelitic rock. Unconformable contact
exists between the stratum and the T2c layer.
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6. The epipleistocene gravel alluvium (Q3
pl+al-sgr (2)) is distributed on the landslide

slope far from the flat zone. It is mainly composed of sandstone, quartzite, granite,
limestone, and slate. The stratum is dry, compacted, and slightly scattered.

7. The holocene slope accumulation gravel soil (Q4
dl) is distributed on the top of the

landslide slope, which is mainly composed of sandstone and slate. The structure
is scattered.

8. The holocene avalanche slope accumulation block and rubble (Q4
col+dl) is distributed

over the bottom of the landslide slope, which is mainly composed of sandstone and
slate of different sizes. The structure is scattered.

Water 2022, 14, x FOR PEER REVIEW 10 of 26 
 

 

The fourth group comprises the least number of developed faults. The width of the 
faults zone is in the range of 5 cm–15 cm. The composition of the fault zone is cataclasite, 
breccia, mylonite, and mudstone. 

The strata at the dam site are layered or thin-layered. The fractures are developed 
between the different strata, and the fractures are open because of geological processes. 
The width of the fractures is in the range of 2 mm–5 mm, with a maximum value of 10 
mm. The composition of the fracture zone is rock power, rock cuttings, and mud with iron 
oxide red rust. The deep of the fractures is closed, and the occurrence of the fractures is 
the same as that of the responding strata. A total of 16,348 fractures are logged in the adits, 
and the groups of the fractures are illustrated in Figure 6. 

 
Figure 6. Iso-density map of fissure poles in the dam site area (excluding layer fissures). 

There are eight main strata in the landslide slope. Depending on the rock formation 
and the terrain, we divided it into different parts with color lines, and the lithology is 
shown in Figure 7. 

 
Figure 7. The lithology of the slope of the typical dumping body on the left bank. Figure 7. The lithology of the slope of the typical dumping body on the left bank.

Results of the geological survey using adits (Figure 8) on the landslide slope are
presented in Table 1. It can be seen from the table that the amount of sandstone and slate
are similar, and the ratios are 47.75% and 40.99%, respectively. The ratio of interlaminated
sand slate rock is 9.44%, and that of granite is 1.82%, as shown in Figure 9.
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Table 1. Summary of lithological distribution of the slope.

PD17 PD55

Chainage (m) Lithology Thickness (m) Chainage (m) Lithology Thickness (m)

0–26 Quaternary system
accumulation 26 0–5.6 Slate 5.6

26–32.5 Slate 6.5 5.6–7.5 Sandstone 1.9
32.5–34.2 Sandstone 1.7 7.5–8.5 Slate 1
34.2–36.8 Slate 2.6 8.5–15.5 Sandstone 7
36.8–38.7 Sandstone 1.9 15.5–21 Slate 5.5
38.7–40 Slate 1.3 21–22.7 Sandstone 1.7
40–44.2 Sandstone 4.2 22.7–30.1 Slate 7.4

44.2–46.7 Slate 2.5 30.1–31.6 Sandstone 1.5
46.7–53 Sandstone 6.3 31.6–36 Slate 4.4
53–58 Slate 5 36–38.2 Sandstone 2.2

58–62.5 Sandstone 4.5 38.2–50.7 Slate 12.5

PD42 50.7–53.6 Sandstone 2.9

Chainage (m) Lithology Thickness (m) 53.6–88.4 Slate 34.8
0–14 Sandstone mixed with slate 14 88.4–89 Sandstone 0.6

14–20.7 Sandstone mixed with slate 6.7 89–97.4 Slate 8.4
20.723.8 Slate 3.1 97.4–98.5 Sandstone 1.1

23.8–25.4 Sandstone 1.6 98.5–98.7 Slate 0.2
25.4–31.3 Slate 5.9 98.7–100.5 Sandstone 1.8
31.3–36.9 Sandstone 5.6 100.5–101.4 Slate 0.9
36.9–40 Slate 3.1 101.4–101.8 Sandstone 0.4
40–42.8 Sandstone 2.8 101.8–102 Slate 0.2

42.8–45.8 Slate 3 102–102.5 Sandstone 0.5
45.8–71 Sandstone 25.2 102.5–104.5 Slate 2
71–73.1 Slate 2.1 104.5–109.4 Sandstone 4.9

73.1–82.4 Sandstone 9.3 109.4–113.9 Slate 4.5
82.4–85.5 Sandstone mixed with slate 3.1 113.9–122.7 Sandstone 8.8
85.5–93 Slate 7.5 122.7–125.7 Slate 3
93–96.3 Sandstone 3.3 125.7–127.4 Sandstone 1.7

96.3–99.5 Slate 3.2 PD66

99.5–117.2 Sandstone 17.7 Chainage (m) Lithology Thickness (m)

PD65 0–6 m Sandstone 6

Chainage (m) Lithology Thickness (m) 6–18 m Slate 12
0–26.5 m Sandstone 26.5 18–27 m Sandstone 9

26.5–40 m Slate 13.5 27–33 m Slate 6
40–60 m Sandstone 20 33–46 m Sandstone 13
60–63 m Slate 3 46–50 m Granite 4
63–84 m Sandstone 21 50–56 m Sandstone 6

84–108 m Slate 24 56–64 m Slate 8

108–114 m Sandstone 6 64–70 m Sandstone 6
114–119 m Slate 5 70–73 m Slate 3
119–123 m Sandstone 4 73–87 m Sandstone 14
123–128 m Slate 5 87–103 m Slate 16
128–135 m Sandstone 7 103–107 m Sandstone 4

135–150 m Granite 15 107–113 m Slate 6
150–160 m Slate 10 113–131.5 m Sandstone 18.5

160–164 m Sandstone 4 PD52

PD64 Chainage (m) Lithology Thickness (m)

Chainage (m) Lithology Thickness (m) 0–12 m Slate 12
0–8 m Slate 8 12–45 m Sandstone 33

8–16 m Sandstone 8 45–48 m Slate 3
16–27 m Slate 11 48–51 m Sandstone 3

27–35.5 m Sandstone 8.5 51–60 m Slate 9
35.5–71 m Slate 35.5 60–67 m Sandstone 7
71–75 m Sandstone 4 67–83 m Slate 16

75–76.5 m Slate 1.5 83–88 m Sandstone 5
76.5–92 m Sandstone 15.5 88–131 m Slate 43
92–98 m Slate 6 131–138 m Sandstone 7

98–101 m Sandstone 3 138–150.6 m Slate 12.6
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Table 1. Cont.

101–112.5 m Slate 11.5 PD30

112.5–116 m Sandstone 3.5 Chainage (m) Lithology Thickness (m)
116–122 m Slate 6 0–56 m Sandstone mixed with slate 56
122–131 m Sandstone 9 56–89 m Sandstone 33
131–133 m Slate 2 89–93.5 m Sandstone mixed with slate 4.5
133–134 m Sandstone 1 93.5–136 m Sandstone 42.5
134–136 m Slate 2 136–150 Sandstone mixed with slate 14
136–148 m Sandstone 12 150–166 Sandstone 16
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3.2. Slope Deformation Monitoring Using InSAR

The remote sensing image of the slope (Figure 10) is from the Sentinel-1A data. The
monitoring cycle is 12 days, and the incidence angle of the remote sensing satellite is 39.18◦.
The monitoring period is from October 2014 to August 2019, a total of five years. Figure 11
illustrates the comprehensive cumulative deformation distribution of the slope.
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According to the monitoring results of the slope, we selected nine reference points
in Figure 12 (1–9) to examine the deformation. The deformation statistic results of the
corresponding points are shown in Figure 13.
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According to the monitoring results of the slope, we selected nine reference points in 
Figure 12 (1–9) to examine the deformation. The deformation statistic results of the corre-
sponding points are shown in Figure 13. 

Figure 11. Cumulative deformation distribution map of the slope. (a) As of January 2015; (b) As of
May 2015; (c) As of August 2015; (d) As of December 2015; (e) As of March 2016; (f) As of August
2016; (g) As of November 2016; (h) As of April 2017; (i) As of August 2017; (j) As of February 2018;
(k) As of June 2018; (l) As of October 2018; (m) As of February 2019; (n) As of May 2019; (o) As of
August 2019.
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Figure 13 shows that certain points have the same deformation pattern. For example,
Points 1 and 7; Points 2, 4, and 6; and Points 3 and 9 have a similar deformation trend.
Hence, we selected the deformation data of Points 1, 2, 5, 8, and 9 to conduct the study.

The raw data were first normalized: the maximum and minimum values were con-
sidered, and all the data were recalibrated to the range of [0, 1]. The normalization was
performed using Equation (25).

xn =
x− xmin

xmax − xmin
(25)
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where x is raw data and xn is normalized data; xmax and xmin are maximum and minimum
data of the sequence, respectively.

After the normalization, the data were divided into training and testing datasets. The
model was established using the training data and evaluated using the testing data. A reverse
normalization was also performed using Equation (26) to process the prediction results.

y = yn(ymax − ymin) + ymin (26)

where y is real prediction result and yn is result with normalization; ymax and ymin are the
maximum and minimum prediction values of the sequence, respectively.

3.3. Experimental Results

The ARIMA model was applied to first predict slope deformation. For the dataset,
the monitored slope deformation data from November 2014 to November 2018 and from
November 2018 to August 2019 were used as the training and testing data, respectively.
Each time step represents an observation of the slope. RMSE, MAE, and R2 were used to
evaluate the model. The first and second order differences were used to analyze the data
sequence. The first order difference and second order difference were adopted to analyze
the data sequence. The result of the first order difference and second order difference for
the data sequence are shown in Figure 14.
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As shown in Figure 14, the mean values of the deformation data mostly fluctuated
about 0 after processing all the data sequences using the first and second differences.
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Meanwhile, the variances changed slightly. The results denote that the dataset of the five
points is a stationary sequence.

ARIMA, LSTM, and LSTM-ARIMA were used to build deformation prediction models.
A confidence interval of 95% was used. In the model establishment phase, the ARIMA and
LSTM models were built and evaluated first. The models’ establishment was based on the
original data. The ARIMA model was then used to generate new features, which were
added to the original data and fed to LSTM networks to build LSTM-ARIMA. The data
sequence length of the LSTM was 10. The activation function of the dense layer was the
tanh function, while Adam was selected as the optimizer; MSE was the loss function. The
number of the LSTM units was 200, the number of epochs was 100, and the batch size was
128. The model performance was evaluated, and the prediction results were compared.

Table 2 shows that the LSTM-ARIMA model achieved outstanding performance
among all the models. For Point 1, the data sequence pattern was difficult to determine.
Although the sequence shown in Figure 10 appears stationary, the data sequence exhibits
less regularity. The variances of the differences in the Point 1 data fluctuated in the range of
(−5, 5) while that of other data fluctuated in the range of (−2, 2). Thus, it was unnecessary
to improve the LSTM with the generated features using ARIMA. The R2 of the three
models was negative, indicating poor fitting performance. For Points 2, 5, and 8, LSTM-
ARIMA outperformed LSTM and ARIMA, indicating that the new features generated by
ARIMA were effective for model establishment. For Point 9, LSTM-ARIMA performed
slightly better than LSTM, indicating that the features generated by ARIMA were not
always effective. The features generated by ARIMA provided the pseudo-values for model
training, depending on the accuracy of the features. Therefore, accurate feature generation
is significant for model establishment.

Table 2. Summary of lithological distribution of typical dumping bodies.

Models Points RMSE MAE R2

ARIMA

Point 1 1.148 0.820 −0.309
Point 2 0.390 0.312 0.396
Point 5 0.405 0.323 0.555
Point 8 0.419 0.330 0.658
Point 9 0.459 0.361 0.831

LSTM

Point 1 1.127 0.866 −0.295
Point 2 0.367 0.314 0.542
Point 5 0.375 0.317 0.678
Point 8 0.341 0.283 0.792
Point 9 0.332 0.260 0.916

LSTM-ARIMA

Point 1 1.165 0.894 −0.324
Point 2 0.347 0.289 0.617
Point 5 0.355 0.272 0.738
Point 8 0.336 0.261 0.806
Point 9 0.333 0.258 0.919

Figure 15 illustrates the actual data sequence and predicted results of ARIMA, LSTM,
and LSTM-ARIMA. The upper and lower boundaries of the 95% confidence interval are
also illustrated, and the gray area between the upper and lower boundaries of the 95%
confidence interval. The time steps refer to the time at which the slope deformation was
monitored using InSAR. All the prediction points are in the gray zones, which can be used
to predict the trend and bias using ARIMA. However, a contrary trend can also be predicted
by ARIMA, causing a significant error. Thus, the mean trend was predicted using LSTM
and LSTM-ARIMA. For Point 1, the trend was nearly 0, and the prediction performance
was poor. The data trends of the five points were similar, and the models had a similar
performance, indicating that the proposed model is robust.
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3.4. Discussion

In this study, we proposed an ensemble model based on LSTM and ARIMA. Con-
sidering the differences among the observed points, five points in different zones were
selected to establish the model. The model performance evaluation results showed that
the LSTM and LSTM-ARIMA models accurately predicted the trend in the data sequence.
The RMSE and MAE of both models were smaller than those of ARIMA for most points.
Meanwhile, the new features generated using ARIMA improved the LSTM performance.
The models based on the data of Points 2, 5, and 8 data have shown the result. For the
model based on Point 1, the performance of LSTM-ARIMA was worse than that of the other
two models. For the model based on Point 9, the performance of LSTM was better than
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that of LSTM-ARIMA. The results indicate the need for generated features to be accurate;
otherwise, they would be unsuitable for LSTM-ARIMA mode establishment.

However, as noted in the previous subsection, the data sequence of the five points had
certain similarities. Thus, the regularity of the various model performances was similar.
The LSTM and LSTM-ARIMA models identified the patterns of the data sequence trend;
however, the models were not sensitive to the bias of the data sequence. Considering this
limitation, the model performance should be validated on more data sequences in future
studies to demonstrate its robustness. Meanwhile, the improvement obtained from using
ARIMA was limited. Similarly, more AR models should be considered in time series feature
generation. We found that more effective features are significant for model establishment;
therefore, more effective features obtained using AR models should be added to datasets to
build prediction models in future studies.

4. Conclusions

LSTM is frequently used to predict landslide deformation. Xie et al. [45] used LSTM
to predict the periodic component of landslide deformation and found that LSTM has
a good dynamic prediction performance. Gao et al. [46] used the LSTM-TAR model to
predict landslide displacement, and found that the proposed combination model has high
accuracy. Yang et al. [47] used the SSA algorithm to optimize the hyper-parameters of
the LSTM neural network, which achieved a high-precision prediction of LSTM landslide
displacement. Therefore, we proposed the LSTM-ARIMA slope deformation prediction
model using ensemble features; the model is based on LSTM and ARIMA. The LSTM model
identifies the trend in the data sequence with time while ARIMA predicts the bias of the
stationary data sequence. Combining the advantages of both approaches, our proposed
LSTM-ARIMA model effectively identifies the trend in landslide deformation data. The
feasibility and superiority of the model were demonstrated by applying them to an actual
engineering project and comparing their performance with that of LSTM and ARIMA
individually on the same datasets. The main findings and contributions of this work are
summarized as follows:

1. The slope deformation was recorded using InSAR, and all the points on the map
were recorded. The selected points in different zones were used as the study data.
A geological survey provided the engineering details for the composition of the
whole slope.

2. LSTM predicts the trend in time series data but is insensitive to deviations in data
series. Because ARIMA effectively predicts the deviation of stationary sequences, we
selected the predictions of ARIMA as new features and added them to the original
data as an input to the LSTM. This approach improved the prediction performance
of LSTM.

3. From the analysis results, the LSTM and LSTM-ARIMA models effectively predicted
the slope deformation trend, and for most data points, the LSTM-ARIMA model had
minimal RMSE and MAE. Using the ARIMA model to predict the data series yielded
a large error, but adding the prediction as a new feature to the original data improved
the prediction performance of the ensemble model. In the future, features generated
by the ARIMA model can be added to the raw data as pseudo-data to enhance the
predictive performance of the model.

According to the InSAR monitoring technique, the proposed method can determine
the trend in landslide deformation data, making it suitable for landslide slope prediction in
engineering. Furthermore, the deformation of the landslide slope is not stopping in Cihaxia
engineering. When the prediction error increases, we need to determine whether the
deformation changes rapidly or stops gradually. Thus, the prediction our model achieves
provides a new perspective for processing landslide slope deformation data.
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