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Abstract: Landslide displacement prediction is a challenging research task that can help to reduce
the occurrence of landslide disasters. The frequent occurrence of extreme weather increases the
probability of landslides, and the subsequent increase in the superimposed economic development
level exacerbates disaster losses, emphasizing the importance of landslide prediction. The collection
of landslide monitoring data is the foundation of landslide displacement prediction, but the lack of
various data severely limits the effectiveness of the landslide monitoring system. To address the issue
of missing data during the landslide monitoring process, this paper proposes a time series prediction
model of landslide displacement using mean-based low-rank autoregressive tensor completion
(MLATC). Firstly, the reasons for the missing data of landslide displacement are analyzed, and
the corresponding dataset of missing data is designed. Then, according to the characteristics and
internal correlation of landslide displacement monitoring data, the establishment process of mean-
based low-rank tensor completion prediction model is introduced. Finally, the proposed method
is used to complete and predict the missing data for the random missing and non-random missing
landslide displacement. The results show that the data completion and prediction results of the model
are essentially consistent with the original displacement monitoring data of the landslide, and the
accuracy and precision are relatively high. It shows that the model has good landslide displacement
completion and prediction effects, which can provide a certain reference value for the missing data
processing and landslide displacement prediction.

Keywords: time series; missing data; tensor completion; autoregressive norm; displacement prediction

1. Introduction

Landslides are one of the many common natural disasters in the world [1,2]. A frequent
occurrence of extreme weather increases the likelihood of landslides. Rapid economic and
social development further aggravates the loss of landslide disasters [3,4]. Therefore,
accurate landslide displacement prediction is becoming increasingly important in order to
prevent and mitigate the damage caused by landslides [5]. In the process of automated real-
time monitoring of landslides, data acquisition and transmission are generally performed
using different types of sensors and other electronic devices [6]. Automated monitoring
equipment is always in the open-air environment, and most of them inevitably suffer from
tear, aging, power loss and other phenomena, all of which can lead to missing monitoring
data. In addition, most landslide disasters are located in a relatively harsh geological
environment, such as heavy rainfall, hail, dense fog, electromagnetic interference, etc., and
the installation and deployment of geological hazard monitoring equipment in open fields
will inevitably be affected by the abovementioned harsh environment. Randomness or
prolonged interruptions in the operation of the monitoring device can cause the monitoring
device to fail to properly send monitoring data to the server, which leads to the problem
of missing monitoring time series in the server. Time series forecasting is a valid basis for
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making accurate discriminations. To enhance the accuracy of landslide prediction, it is
necessary to construct a corresponding accurate data completion method.

For the problem of completing and predicting missing landslide data, most traditional
time series models have focused on models such as regression analysis and exponential
smoothing. The problem of incompleteness for missing time series data can be broadly
classified as either deletion or padding. Data deletion is used as anomalous data to remove
some objective abnormal monitoring data, which is primarily used for anomaly detection
and feature analysis, while filling is utilized to find the long-term time series change
pattern of monitoring data and to supplement the missing monitoring data. The main
methods include missing value filling algorithm based on nearest neighbor method, cyclic
neural network, random forest and matrix decomposition, but more data are required for
machine learning training [7,8]. Statistical filling is more effective for data series with less
dimensions that can establish a maximum model, provided that the relationship between
missing eigenvalues and existing eigenvalues can be established through observation.
The main methods of machine learning include missing value filling algorithm based on
the nearest neighbor method, cyclic neural network, and matrix decomposition. Matrix
decomposition can effectively explore the correlation between different time series for
different dimensions of long time series problems. The matrix decomposition method
is used to learn the overall characteristics of the time series matrix, which can be used
to approximate the matrix with time characteristics in low-rank, and then complete the
missing data [9].

Large-scale time series data are always accompanied by the missing problem. There-
fore, the tensor completion method has been introduced into this field to complement
the traditional data completion method based on probability and statistics [10–12]. The
data completion scheme based on simple quantitative statistics has a relatively simple and
efficient processing effect for small datasets and simple regression models, but it is not
feasible for massive data in the era of data explosion. Modern research not only has many
kinds of data variables and long time series, but also requires fast processing speed, high
universality and portability. Multiple variables and long time series can better describe the
complex causal relationship between each other [13,14]. Now, neural network technology
is often used to deal with the above situations and delete the missing data in order to
form a complex intelligent model, but it is not the best solution for missing data because
deletion may strengthen or weaken the connection degree of a causal relationship. Based
on this, scholars have explored the application of tensor decomposition technology to data
completion in multivariate long time series, trying to improve the resolution speed and
data missing problems.

Recent studies have found that low-rank matrices have certain advantages in the
analysis of multivariate long time series data [11,12], including the sequence tensor comple-
tion method [15]. The sequence tensor complement restores the potential tensor from the
sampling structure of the time series, allocates the position of the missing items as needed,
seamlessly integrates the future value of the time series into the framework of the missing
data and improves the data completion accuracy [15]. The low-rank matrix completion
method performs singular spectrum analysis and singular value decomposition on the time
series in order to complete the low-rank completion of the missing data of the time series,
although its calculation is large [16]. Therefore, by adding a time dimension to transform
the status time series into a high-dimensional tensor, the cost of computing complexity is
better solved. This is also in line with the law of human activities, both short and long term
activities, so there are studies using tensors (sensors × 1 day × 24 h) which indicate the
above activity mode [17,18]. The dependency between sensors is preserved, providing a
new feasible scheme for capturing local and global time patterns [16]. More scholars have
combined the autoregressive moving average model with the tensor model to propose the
low-rank matrix autoregressive tensor completion model and have achieved good results
in the completion and prediction of financial time series data [19].
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The mean-based low-rank autoregressive tensor completion mainly includes com-
pleting low-rank matrix decomposition/tensor completion and constructing time series
autoregressive models, as well as processing the missing data with the neighboring data
mean instead of zero before the operation. The low-rank matrix completion model uses the
underlying low-rank structure to recover incomplete matrices (assuming that the long-term
landslide data sequence is incomplete) [20]. Considering that the deformation displace-
ment of landslide has a great correlation with the previous deformation, the autoregressive
model is constructed to represent the deformation law of landslide displacement with
time. The autoregressive regularizer is introduced in the low-rank matrix decomposi-
tion to characterize the temporal dynamics in landslide displacement deformation, and
the learned autoregressive regularizer is implemented to predict the temporal factor ma-
trix, thus realizing the landslide displacement monitoring data completion and predictive
modeling [12].

The purpose of this study is to establish a new method for completing and predicting
landslide displacement data based on MLATC. In this paper, the causes of data loss of
landslide displacement are analyzed. Taking the Shuizhuyuan landslide in the Three Gorges
Reservoir area as an example, the data completion and prediction algorithm are designed
by using MLATC. Then, the landslide displacement data are divided into training set and
test set, and the random missing and non-random missing are selected for corresponding
data completion and prediction. The designed model can achieve an accurate completion
and prediction of landslide displacement. Finally, a comparative analysis with existing
models verifies the effectiveness of the model.

2. Theory and Method
2.1. Reasons and Analysis of Missing Data
2.1.1. Reasons of Missing Data

The reasons for the missing of landslide monitoring data are complex, which may be
caused by the process of data collection, transmission, storage and analysis. Time series
with missing data typically share the same characteristics, such as noisy, incomplete and
abnormally abrupt data in the time series. Missing data in the time series can have a
significant impact on future landslide data analysis, monitoring and early warning. The
data should thus be preprocessed in the process of data analysis, i.e., data cleaning, and the
processing of missing data is one of the key elements in data cleaning.

Data deficiencies in landslide monitoring time series are broadly characterized as
follows. (1) Long time span and large amount of data: Landslide monitoring requires the
data collection of the different factors affecting landslide displacement and deformation,
and the continuous extension of monitoring time leads to the increasing amount of data.
(2) Randomness: The data acquisition and transmission in the landslide monitoring system
are completed automatically by the field equipment, and the components and modules
used for acquisition and transmission are all electronic components. It is highly susceptible
to rainfall, hail, electromagnetic interference and other natural factors, and the above
natural phenomena have randomness. (3) Spatial correlation: The mechanism of landslide
disasters is complex. Corresponding monitoring devices will be deployed in different areas
of the landslide, and there will be some correlation between different sensors. Therefore,
missing data completion needs to consider the spatial correlation among the sensors in the
time series.

Due to the diverse properties of the landslide time series and the different types of
monitoring data, there are missing data in the time series for a variety of causes, which can
be roughly summarized as follows. (1) Data are not available: The landslide monitoring
process is affected by the harsh natural environment. Problems with the power supply of
the equipment and the transient failure of the sensors can lead to a certain period of time or
a certain moment of failure to complete the data acquisition, thus leading to the lack of data.
(2) Data transmission failure: The transmission of landslide monitoring data mainly relies
on a wireless communication network; when the wireless signal is interrupted, the data
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for a certain period of time or a certain moment cannot be transmitted to the background
monitoring center. (3) Human interference: When technicians perform data preprocessing
operations, the relevant data may be transmitted incorrectly for various reasons, which
may also lead to data loss.

2.1.2. Types of Missing Data

According to the existing studies, different patterns of missing data occur in different
time series. Considering the actual situation of landslide monitoring, the types of miss-
ing data in landslide monitoring time series can be usually classified into the following
two types.

(1) Random missing (RM): Randomization can occur at any time during the monitoring
process. Such data loss has no regularity or symptoms. The time of data loss is
random and occasional, as shown in Figure 1.
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(2) Non-random missing (NM): In the monitoring process, regular or periodic phenomena
such as cloudy weather and signal interruptions may occur with the same probability
in a specific period of time, and such missing data has a certain regularity, as shown
in Figure 2.
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2.2. Construction of Low-Rank Tensor Completion Model
2.2.1. Tensor Composition

In the landslide monitoring system, the monitoring data of each on-site monitoring
sensor is collected through the intelligent terminal, and then the on-site monitoring data are
transmitted to the background data monitoring center. Considering that the collected mon-
itoring data include date, time, displacement and other information, it can be considered
that the acquired landslide displacement time series is high-dimensional. For the landslide
time series, this paper constructs a three-dimensional missing tensor T ∈ Rl1,l2,l3 , where l1
is the number of on-site sensors for landslide, l2 is days collected, and l3 is the frequency of
sampling every day. Therefore, the tensor represents the displacement monitoring value of
each sensor at the corresponding time. This paper aims to identify the missing data position
in tensor T and complete data completion and displacement prediction, respectively.
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2.2.2. Construction of Low-Rank Tensor Completion Model

The low-rank matrix completion (LRMC) model uses the low-rank structure at the
bottom to restore the incomplete matrix [21], defining the rank of the tensor X ∈ Rl1,l2,l3 as
rank(X ) and the objective function of low-rank tensor completion as:{

min
X

rank(X )

s.t.XΩ = TΩ
(1)

where X ∈ Rl1,l2,l3 is a tensor to be solved; T ∈ Rl1,l2,l3 is a missing tensor; Ω is the observed
landslide data in T. Then, the tensor kernel norm is replaced by the rank minimum [22],
and the concept of tensor kernel norm is defined:

‖ X ‖∗ =
3

∑
i=1

αi‖ X(i) ‖∗ (2)

where αi is the weighting factor and X(i) is the matrix expanded along the i-th mode for
tensor X . The three pattern expansion matrices of the data tensor X ∈ Rl1,l2,l3 are shown in
Formula (3): 

X(1) ∈ Rl1×(l2×l3)

X(2) ∈ Rl2×(l1×l3)

X(1) ∈ Rl3×(l1×l2)

(3)

where X(1), X(2), X(3) are the module expansion matrix for the staggered sampling of three
types of expansion patterns, respectively.

The features of different orders between data are fused with each other through three
module expansion matrices, effectively ensuring the high-precision completion of data [23].
Below is the singular value decomposition of each pattern expansion matrix [20]:

X(1) = Ul1×l1

(1)
∑

l1×l2l3
MT

l2l3×l2l3

X(2) = Vl2×l2

(2)
∑

l2×l1l3
LT

l1l3×l1l3

X(3) = Wl3×l3

(3)
∑

l3×l1l2
KT

l1l2×l1l2

(4)

where U, V and W are left singular matrices; M, L and K are right singular matrices; and Σ
is a diagonal matrix. It is defined as:

∑ (q) = diag
(

σ1
(q), σ2

(q), · · · , σnq
(q)
)

, q = 1, 2, 3 (5)

where nq is the total number of singular values of the q-th module expansion matrix. Based
on the definition of tensor kernel norm, the objective function is: min

X

3
∑

i=1
αi||X(i)||

s.t.XΩ = TΩ

(6)

where the matrix core norm is defined as [24]:

‖ X ‖∗ =
j

∑
k=1

σk(X) (7)
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where ‖·‖∗ is the kernel norm of X; j is the rank of matrix X; σk is the k-th singular value
of the matrix X in order of size. Because of the existence of interdependent matrix kernel
norm terms, the objective function of low-rank tensor completion is difficult to be solved
by ordinary methods. Alternating direction method of multipliers (ADMM) [23,25] is a
more widely used optimization method for constrained problems in machine learning. It is
an extension of the augmented Lagrange method. ADMM algorithm provides a framework
for solving constrained optimization problems with linear equations, which is convenient
for disassembling the original optimization problem into several relatively solvable sub-
optimization problems for iterative solutions. With continuous research, the low-rank
tensor completion method is further developed. The purpose of reducing the computational
complexity is to use QR decomposition instead of singular value decomposition. The
decomposed low-rank tensor completion reduces the time complexity of the low-rank
tensor completion algorithm. The nonlinear set CG algorithm based on Riemannian
manifold reduces the decomposition of large-scale singular values in low-rank tensor
completion. The tensor completion algorithm based on the Douglas–Rachford separation
technology further considers the existence of the noise of the source data [25], which greatly
enhances the robustness of the model. In addition, low-rank tensor completion also has a
series of characteristics such as fast convergence speed and high computational accuracy.

2.3. Construction of MLATC

The model first transforms time series matrix into a tensor, which is recorded as sign
Q(•), such as Q(Y), transforming matrix Y ∈ RM×N into a third-order tensor of size
M× N × J [12].

2.3.1. Zero-Valued Low-Rank Autoregressive Tensor Completion Core Model

min
X ,Z ,A

‖ X ‖∗ + λ ‖ Z ‖A,X

s.t.

{
X = Q(Z)

PΩ(Z) = PΩ(Y)

(8)

where Y is the input observation matrix, and the matrix size of Z and Y is the same. ‖ X ‖∗
represents the kernel norm of the tensor X , and the calculation method is
‖ X ‖∗ = ∑k ak‖ X(k) ‖∗; ‖ X ‖∗ = ∑

min{M,N}
i=1 σi. σi is the i-th largest singular value

of matrix X; A is the variable to be estimated; λ is a control objective function to balance
the weight parameters of the first and second items. ‖ Z ‖AH represents the autoregressive
norm of matrix Z, whose value is determined by Equation (9).

‖ Z ‖A,H = ∑
m,t

(
zm,t −∑

i
am,tzm,t−hi

)2

(9)

PΩ(Z) represents the orthogonal projection of matrix Z in the field Ω, and the calculation
formula is:

[PΩ(Z)]m,n =

{
zm,n i f (m, n) ∈ Ω

0 i f (m, n) /∈ Ω
(10)

2.3.2. Mean-Based Low-Rank Autoregressive Tensor Completion

The time series matrix Y ∈ RM×(N=I×J) with partially missing data can be compressed
into a tensor Y ∈ RM×I×J , thus transforming the matrix completion problem into a tensor
completion problem. The traditional tensor completion method assigns the missing data
to zero. Considering the time accumulation and continuity of landslide displacement and
deformation, the average value of the data before and after the missing data are taken
instead of assigning the value to zero when completing the landslide displacement data.



Appl. Sci. 2023, 13, 5214 7 of 16

The specific difference is that the projection of matrix Z in the domain Ω is further required
to obtain a useful non-orthogonal projection:

[
PΩ
(
Z′
)]

m,n
′
=


[PΩ(Z)]m,n i f (m, n) ∈ Ω
1
2t

n+t
∑

i=n−t
[PΩ(Z)]m,i i f (m, n) /∈ Ω (11)

where t is a hyperparameter representing the time sequence length of taking the mean
value, in this case, 10 is taken. The matrix Z′ conforming to such constraints is called a
close orthogonal matrix of Y in the field Ω (recorded as Z′⊥∼YΩ). For ease of understanding,
Z′ is still noted as Z.

MLATC is a simple linear combination of LRMC and vector auto-regressive (VAR)
models. The first term of the objective function is the LRMC objective function, and
the second term is the VAR objective function. The Lagrange function in matrix form is
constructed according to the optimization problem:

L(X , Z, A) = ∑
k

ak‖ Xk(k) ‖∗ + λ‖ Z ‖A,H +
〈
Q−1(X )− Z,Q−1(τk)

〉
+

ρ

2
‖ Q−1(X )− Z ‖2

F (12)

Then, Question (12) is transformed into argminXk(k)Z,AL(X , Z, A, τk), where X and
Z are variables, and τk is the parameters to be learned. When solving the tensor Xk,
∂L(X ,Z,A)

∂X = 0 should hold. According to Formula (9), since
∂‖Z‖A,H

∂X = 0,
argminX L(X , Z, A)⇔ argminX L(X , Z, A)− ‖ Z ‖A,H . Thus, X l+1

k can be resolved by
Formula (13):

X l+1
k = arg min

X
ak‖ X(k) ‖∗ +

ρ

2
‖ Q−1(X )− Zl ‖2

F +
〈
Q−1(X )− Zl ,Q−1

(
τl

k

)〉
(13)

In Equation (13), the number l of iterations of the algorithm is expressed, and the VAR
model is used to solve the matrix Z [12,21,26].

The MLATC achieves a more accurate completion of the original data than the zero-
filled algorithm, and then the prediction of landslide displacement data can be completed
on this basis.

3. Case Study
3.1. Experimental Dataset

The displacement monitoring data of the Shuizhuyuan landslide in the Three Gorges
Reservoir area is selected as the time series’ experimental dataset of this study. This time
series is collected from seven GNSS monitoring sensors at the Shuizhuyuan landslide. The
time interval is from 15 July 2017 to 1 December 2021, with a total of 1600 days. The data
monitoring cycle is to obtain one monitoring data at the site every day, so the tensor size of
the constructed dataset is 7 × 1600 × 1 (sensors × time points × day) tensor structure. The
monitoring data are shown in Figure 3.

3.2. Missing Data Processing for Time Series

In order to objectively describe the validity of the prediction model, two different
data missing processing methods, random and non-random, are used to carry out certain
data missing processes on the original time series dataset of landslides by combining the
characteristics and main types of missing landslide monitoring data.

Random missing (RM): Random missing indicates that the landslide monitoring
equipment has sporadic and random data loss in the operation process. The whole time
series is divided according to the proportion of random missing data, with 5%, 10%,
20% and 40% set, respectively, representing different scales and levels of data loss of
monitoring equipment.

Non-random missing (NM): Non-random missing means that the landslide monitoring
equipment has regular equipment failure or regular network interruption during operation.
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The data missing is also simulated according to 5%, 10%, 20% and 40% and compared with
random missing.

The original spatiotemporal landslide displacement dataset is artificially treated with
missing data, and the effectiveness of different models in completing and predicting the
missing data can be objectively evaluated by two different treatments, random as well as
non-random. For landslide disasters with relatively complex genetic mechanisms, there
must be certain trend characteristics and a correlation between different sensors on the
landslide. Therefore, better data recovery and prediction for missing datasets after non-
random missing processing is an important indicator of this model.

Shuizhuyuan landslide is currently in the mean-slow deformation, and the first
1300 days are selected as the training set of the time series, and the last 300 days are

selected as the test set. The MAPE =∑n
i=1

∣∣∣ x̂i−xi
xi

∣∣∣× 100%
n and RMSE =

√
1
n ∑n

i=1 (x̂i − xi)
2

are used to test the accuracy and precision of the algorithm model in terms of predic-
tion. Moreover, the MLATC model is compared with the high-accuracy low-rank tensor
completion (HALRTC) and temporal regularized matrix factorization (TRMF) methods.
The completion and prediction results with a smaller MAPE and RMSE are considered to
be better.
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Figure 3. Landslide displacement monitoring data.

3.3. Data Completion and Analysis

The experimental results of four sensors numbered SZY-02, SZY-03, SZY-06 and SZY-
08 are used as examples to introduce the effect of landslide monitoring data completion.
After NM40% processing of the dataset of Shuizhuyuan landslide, the data completion
effect of the completed training set of SZY-08 is shown in Figure 4. In Figure 4, the blue
curve represents the measured data, the yellow dots represent the missing data, the red
curve represents the recovered data, X-axis 0–260, 260–520, 520–780, 780–1040, 1040–1300
represents data recorded for each day and Y-axis is the displacement data. Considering the
large amount of data for each sensor, only SZY-08 shows the complementary results for the
entire time series, and the other sensors are the complementary results for the first 260 days.
Figure 5 shows the complementary effect of the other sensors for the first 260 days.

As can be seen in Figures 4 and 5, in the absence of raw landslide displacement data
for many consecutive days, the data have been completely processed into missing data,
which is challenging for tensor completion. Missing data for several consecutive days has
lost the correlation and trend characteristic information between displacement data. The
prediction results show that the MLATC model still achieves a very good complementary
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effect, which is essentially consistent with the original displacement data and achieves a
good effective data recovery in some completely missing data days. This is very helpful to
analyze the deformation law and deformation trend of the landslide, and also to provide
data reference for understanding the relationship between different deformation areas of
the landslide.
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ered data.

Table 1 shows the evaluation metrics for data completion in the non-random missing
case. The results in Table 1 show that the MLATC model has the best MAPE and RMSE
for four different scenarios of NM5%, NM10%, NM20% and NM40%, indicating that the
MLATC model has a greater improvement in data recovery performance compared to the
HALRTC and TRMF models.

Table 1. Evaluation metrics for data completion in the NM case (MAPE/RMSE).

Model TRMF HALRTC MLATC

NM 5% 11.8542/14.0631 1.3161/3.8315 0.9066/0.9196
NM 10% 10.2681/16.5992 1.1953/3.6270 0.7770/0.8958
NM 20% 11.7050/18.1097 11.7976/25.2256 0.7708/0.9616
NM 40% 13.8412/25.9528 15.0777/38.6958 0.7928/1.0070

From Table 1, it can be concluded that the MLATC model is better than the HALRTC
and TRMF models in terms of completion effect, indicating that the tensor autoregressive
kernel parametrization can effectively replace the rank function, which enables the low-
rank tensor completion model to obtain a more accurate completion effect. In addition,
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the MLATC model introduces an autoregressive norm on the basis of the HALRTC model,
which can make full use of the structural correlation and local trend feature information
between the high-dimensional multivariate time series data, as well as more clearly correlate
the multivariate time series data, which also proves that the addition of the autoregressive
norm can further improve the complementary performance and accuracy of the model in
the low-rank tensor complementary structure. Since the tensor structure well maintains the
structural information of the spatiotemporal data in the time dimension and exploits the
correlation between the daily displacements of different sensors in the time series, the tensor
completion results of the MLATC model are better than those of TRMF in the matrix form.
The experimental results with different missing ratios simultaneously verify this inference
and confirm that effective completion and rolling prediction of displacement monitoring
data can be achieved by using global time series datasets. After analyzing the reasons, the
TRMF model only analyzes and calculates the matrix structure and does not use the time
domain smoothness of multivariate time series and the potential correlation information
between the series in the time and space dimensions. MLATC and HALRTC both use the
tensor structure to complete the time series prediction through the method of quantitative
completion. In particular, the MLATC model introduces the autoregressive norm, which
not only preserves the structural information of the original time series through the tensor
structure, but also makes full use of the correlation and trend characteristic information
between the time series.
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Figure 5. Completion of displacement data (NM40%). (a) Point SZY-02; (b) point SZY-03; (c) point
SZY-06. The blue curve represents the measured data, the yellow dots represent the missing data and
the red curve represents the recovered data.

Similarly, the experimental results of the four sensors numbered SZY-08, SZY-02, SZY-
03 and SZY-06 are shown in Figures 6 and 7 after RM 40% processing of the dataset of
the Shuizhuyuan landslide; the data completion performance are shown in Table 2. The
prediction model has a very good recovery effect on missing data and shows a better data
fit in terms of time series trend prediction.
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Table 2. Evaluation metrics for data completion in the RM case (MAPE/RMSE).

Model TRMF HALRTC MLATC

RM 5% 11.8535/14.0634 0.8087/2.7628 0.7676/0.9880
RM 10% 10.2782/16.5925 0.9729/3.0545 0.7263/1.0339
RM 20% 11.7037/18.1142 11.7976/25.2256 0.9494/1.7648
RM 40% 13.8347/25.9556 15.0777/38.6958 1.4817/1.8889

3.4. Data Prediction and Analysis

In the case of random missing, the time series of the Shuizhuyuan landslide is predicted
for 300 days after data missing processing is performed with a missing ratio of 40%. The
time series of four sensors numbered SZY-02, SZY-03, SZY-06 and SZY-08 are analyzed
separately, and the prediction results are shown in Figure 8. The analysis shows that the
prediction results are ultimately consistent with the original displacement data in the case
of the 40% missing data ratio. The MLATC model realizes well the deformation trend
feature fitting of displacement, and effectively predicts the displacement data.
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Figure 8. Prediction of displacement data (RM40%). (a) Point SZY-02; (b) point SZY-03; (c) point
SZY-06; (d) point SZY-08. The blue curve represents the measured data and the red curve represents
the predicted data.

Similarly, after processing the dataset of the Shuizhuyuan landslide with 40% non-
random missing, the data completion effect is shown in Figure 9. The prediction results of
MLATC model are also ultimately close to the original displacement data. Although there
are some fluctuations in the prediction data, the overall effective fitting of displacement is
still achieved.
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The prediction effect of MLATC model under random and non-random missing is
shown in Tables 3 and 4.

Table 3. Evaluation metrics for data prediction in the RM case (MAPE/RMSE).

Model TRMF HALRTC MLATC

RM5% 39.6023/102.415 15.2062/39.8024 1.1084/3.6774
RM10% 41.1064/106.681 14.8872/39.0352 1.0792/3.6587
RM20% 50.2660/127.588 14.8241/39.1718 1.1120/3.7032
RM40% 83.7915/213.040 13.8827/37.1245 1.1012/3.6665

Table 4. Evaluation metrics for data prediction in the NM case (MAPE/RMSE).

Model TRMF HALRTC MLATC

NM5% 39.4527/102.047 14.9328/38.9776 1.1079/3.6676
NM10% 42.7754/110.746 14.2427/37.2552 1.1037/3.6588
NM20% 49.9770/126.921 12.6523/33.3975 1.1099/3.6785
NM40% 83.7004/212.867 11.5458/30.6736 1.1694/3.8755

By analyzing the prediction results of each model, it can be proven that the prediction
accuracy of the time series model is effectively improved after converting the original time
series into a tensor structure in this method. The prediction accuracy of both HALRTC
model and MLATC model has improved significantly over the prediction accuracy of
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TRMF. This indicates that although the TRMF model captures the global consistency
of the time series, the model mainly acts on the latent layer matrix data, which may
cause the local trend feature information between different sensors to be ignored, thus
affecting the prediction accuracy. Due to the intervention of the autoregressive norm,
the prediction of HALRTC and MLATC models is significantly better than that of TRMF
model, and the MAPE and RMSE accuracy of the models are higher. This demonstrates
that the spatiotemporal monitoring data between displacement sensors in different areas of
the landslide are utilized under the framework of tensor complementary structure, and
the deformation law characteristics of short-term correlation and long-term deformation
consistency in the inherent deformation process of the landslide are fully considered.

4. Discussion

Affected by the complex environment in the field, there will be missing data in the
process of landslide monitoring, which will affect the accurate analysis of landslide displace-
ment. In landslide disaster monitoring, landslide displacement deformation is relatively
complex, and the displacement changes of each deformation area on the landslide are not
the same. From the analysis of landslide local deformation characteristics, there is a certain
correlation between the daily displacement deformation of different monitoring points. In
addition, landslide displacement is a continuous cumulative process, and the landslide dis-
placement occurring in the preceding period will have a certain influence on the landslide
displacement occurring subsequently. Therefore, in order to better realize landslide data
completion and prediction, a novel model based on MLATC method is proposed, and the
RM and NM cases are designed, respectively, so as to verify the validity and reliability of
the designed model. In addition, from the construction of the model, the initial time series
matrix is converted into a third-order tensor structure. Under the assumption that the time
series data satisfy approximate low-rankness, the time series completion and prediction
problem is transformed into low-rank tensor completion and prediction. The tensor-based
completion method fully considers the time series of landslide displacement data, which
not only preserves the correlation between different displacements, but also better fits the
landslide displacement deformation characteristics, making the displacement completion
more accurate.

To verify the effectiveness of the algorithm, a comparative analysis with the existing
RTMF and HALRTC models was performed. The MAPE and RMSE of the MLATC model
are 0.9066, 0.9196 and 0.7676, 0.9880 for the NM5% and RM5% data completion, respectively.
Similarly, the MAPE and RMSE for NM5% and RM5% data prediction are 1.1079, 3.6676
and 1.1084, 3.6774, respectively. The analysis results show that under the conditions of
5%, 10%, 20% and 40% missing data, the data completion and prediction effects of the
MLATC model are better than those of other models, which also confirms the significant
data completion and prediction effects of the MLATC model. In this study, the completion
and prediction model were constructed by considering the intrinsic correlation between
landslide displacement data and using the low-rankness of the completion tensor. Data
completion is an iterative calculation of the landslide displacement time series based on
the entire original data. In order to verify the effectiveness of the data completion model,
random and non-random data missing cases are designed, and time series prediction is
based on the predicted experimental data as the missing value, which also belongs to a
special case of missing data. By default, this part of the experimental data is not involved
in iterative calculations. Therefore, the data prediction for time series is the same as the
method used for data completion. The model is implemented in a rolling prediction method
with cyclic and iterative computation, which leads to a loss in the amount of data in the
prediction case. The MAPE and RMSE values of NM and RM also show that the prediction
effect of the MLATC model is lower than that of data completion, but both can achieve
satisfactory results, which are more in line with the actual needs of landslide monitoring.
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5. Conclusions

A novel method for landslide displacement data completion and prediction based
on MLATC model is proposed for missing landslide displacement data and time series
prediction. The tensor structure in the MLATC model well perpetuates the structural
information of landslide spatiotemporal data in the time dimension, makes full use of the
correlation of landslide displacement time series in different time scales, and solves the
problem of serious data loss caused by the destruction of the original matrix structure.
The data completion and prediction models are implemented in a tensor structure frame-
work, combining VAR models and autoregressive paradigms, and different proportions
of random and non-random missing cases are selected for experimental analysis. The
experimental results of the Shuizhuyuan landslide prove that the model can also achieve
the effective completion of missing data and displacement trend prediction of landslide
displacement time series without the need of complete original landslide displacement
data. The reliability and accuracy of the model data completion and prediction are verified,
further improving the feasibility of the model, which likewise helps to issue timely and
accurate early warning forecast signals to remind people who are in the danger area to
evacuate and avoid casualties and property damage. The method can be extended and
applied in data completion and in the prediction of such landslides.
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Abbreviations

Symbols Description
X ∈ Rn1×···×n1 d-order tensor
X(i) The matrix that expanded along the i-th mode for tensor X
‖ X ‖∗ The kernel norm of the tensor X
Q(•) Transform the time series matrix into a third-order tensor
PΩ(Z) The orthogonal projection of matrix Z in the field Ω
Abbreviations Full Name
MLATC Mean-based Low-rank Autoregressive Tensor Completion
LRMC Low-Rank Matrix Completion
HALRTC High-Accuracy Low-Rank Tensor Completion
TRMF Temporal Regularized Matrix Factorization
ADMM Alternating Direction Method of Multipliers
VAR Vector Auto-Regressive
RM Random Missing
NM Non-random Missing
MAPE Mean Absolute Percentage Error
RMSE Root-Mean-Squared Error
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