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Abstract: Landslide deformation is the most intuitive and effective characterization of the evolution
of landslides and reveals the inherent risk of landslides. Considering the inadequacy of existing
deformation monitoring data for early warnings regarding landslide hazards, resulting in insufficient
disaster response times, this paper proposes a time-domain correlation model. Based on the process
of rainfall-induced landslide deformation, the time-domain correlation between regional rainfall
and landslide deformation is proposed, which can reflect the temporal characteristics of landslide
responses to rainfall, and the calculation method of the impulse response function is designed to
quantitatively model and calculate the correlation. Furthermore, rainfall monitoring data are used
to optimize the landslide deformation monitoring indicator system for early warnings regarding
landslide instability. The feasibility of the method proposed in this paper is verified by analyzing
the historical monitoring data of rainfall and landslide deformation at nine typical locations in five
landslide hazard areas in Fengjie County, Chongqing city. (1) The correlation models for the XP
landslide involve a delayed rainfall response time of 5 for deformation, respectively, as well as the
existence of a cycle of 55–56 days, which means that the above area can advance the landslide warning
by one lag time based on the cycle; (2) The correlation models for the OT landslide show consistent
correlations under a 48–50-day cycle, which means that the deformation in the above areas can be
predicted based on rainfall accumulation. (3) The HJWC landslide presents a turbulence correlation,
which means that other monitoring data need to be supplemented and analyzed.

Keywords: rainfall-reduced landslide; regional rainfall; landslide deformation; time-domain correla-
tion measurement; impulse response analysis; China

1. Introduction

In recent years, with climate change, global weather extremes have become frequent,
which in turn affects the human living environment. For example, rising global temper-
atures have accelerated, leading to regional changes in rainfall processes and frequency
effects. Therefore, the extent to which changes in rainfall processes and frequency affect
natural hazards such as landslides has been increasingly studied [1–3].

Rainfall-induced landslides, which are characterized by large masses, instantaneous
sliding, and as violent, are one of the main types of geological disasters in the world [4–6].
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For instance, Wasowski [7] indicates that the expansion of Caramanico Terme in this century
has led to the urbanization of marginally stable valley slopes, and recent landslides were
caused by heavy precipitation (antecedent moisture was a more critical factor than the
amount of storm rainfall). Later, Kristo [8] predicted the effects of rainfall process changes
on landslides in Singapore and found that climate change would result in increased rainfall
intensity and duration. Recently, Lukić [9] studied the erosivity classes of rainfall-triggered
landslides, especially for 2010 and 2011 on the northern outskirts of Belgrade. In this area,
surface water runoff was directed into the porous loess, thereby endangering slope stability.
He [10] defines four groups of rainfall thresholds at different quantile levels based on
771 landslide events that occurred in China during 1998–2017. It was found that extreme
rainfall events caused by climate change would increase the probability of landslides in
China. Statistically, most of the main landslides that have occurred in southwest China
over the past 40 years were caused by rainfall [11]. Hence, landslide deformation moni-
toring data provide important information for early warnings regarding various landslide
risks and for uncovering the key moments of landslide events for their prevention and
control [12–14]. However, because landslides characteristically accumulate deformation
slowly and occur instantaneously, it is difficult to achieve a forward-looking landslide risk
warning system through only deformation monitoring data; accordingly, the development
of additional early warning methods is urgent.

The existing landslide early warning analysis models mainly include dynamic analysis
models and logistic regression models. Dynamic analysis models are calculation schemes
based on the physical mechanisms of events [15,16]; hence, these models are limited to
data from the test site or to the research and exploration of a single landslide area and thus
cannot meet the requirements for investigating landslide groups in different geological
environments [17,18]. In contrast, logistic regression models employ mathematical statistics
to perform logistic regression and determine the critical value of landslide rainfall and the
probability of landslide occurrence [19,20]; however, it is almost suitable for quantitative
studies of small-scale landslides and cannot be used for landslide areas in different geologi-
cal environments while the data accuracy requirements are too high and the calculations
are too complicated to meet the warning requirements. In view of these studies, the com-
bined use of landslide geotechnical and morphological parameters to evaluate the stability
of landslides during rainfall events can help recognize the statue of landslides, but the
corresponding workload is often large, leading to delays in warnings. As an alternative
method, real-time monitoring data on regional rainfall and landslide deformation has great
advantages: highly detailed monitoring data can clearly reflect the minor deformation
of landslides; easily accessible and predictable rainfall data can help to predict landslide
deformation in advance [21–23]. Therefore, it is feasible to predict the risk of landslides by
using widely available rainfall monitoring data.

In response to the above problems, this paper proposes a time-domain method for the
quantitative analysis of the regional rainfall-induced landslide deformation response. First,
using easily accessible rainfall and landslide deformation monitoring data, this paper pro-
poses the concept of correlation measures between the two in the time domain for the time
characteristics of landslide deformation during the rainfall process [24]; on this basis, the
correlation is computed by using the impulse response functions of different characteristics
in the signal processing algorithm; finally, the landslide deformation response to rainfall is
quantitatively analyzed. The time-domain correlation model includes a consistency mode,
a hysteresis mode, and a disorder mode. The proposed model can be applied to historical
monitoring data from different areas characterized by landslide hazards; then, the modes
can be quantitatively analyzed and summarized by the time-domain correlation of a hidden
landslide hazard point as a reference to predict the future deformation of the landslide
affected by rainfall. This method provides a scientific basis for pre-warning systems by
effectively extending the time allowed in the early warning of landslides.



Land 2022, 11, 703 3 of 19

2. Study Area and Landslide Data
2.1. Study Area

The experimental area adopted in this paper is within Fengjie County in eastern
Chongqing (between 109◦1′17′′ and 109◦45′58′′ east longitudes and 30◦29′19′′ and 31◦22′23′′

north latitude). Fengjie County, located on the eastern edge of the Sichuan Basin (Figure 1),
represents the central hinterland of the Three Gorges Reservoir. The study area is in the city
of Chongqing and the Yangtze River Three Gorges Project, and the rainfall and environment
are closely related [25,26].
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Figure 1. Location of the study area. (a) General map of China; (b) Location of the study area; (c) The
XP landslide, briefly showing the monitoring instruments placed and the associated monitoring data.

The environmental characteristics of the study area (Figure 2) can be summarized
as follows: 1© The river flowing through Fengjie County is the Yangtze River, and the
county has abundant rainfall with a heavy rainstorm intensity and is characterized by
large accumulations of rainfall in a short time and a high erosion intensity. In addition,
the distributions of landslides and cumulative rainfall (or strong triggering rainfall) is
consistent. 2© The geological environment in the study area is relatively fragile. The
terrain provides good conditions for surface water infiltration, surface water migration,
and the occurrence of landslides. 3© The regional landforms are mainly moderately eroded
mountain and middle-low mountain landforms and eroded hilly landforms with high hills,
large undulations, and steep slopes; developed landslides are also prominent. The sensitive
slope is 20~30◦, and the landslides tend to occur at elevations of 400~1000 m.

2.2. Data Used for Modeling

This paper selects five rainfall-induced landslides, including the OT landslide, XP
landslide, and HJWC landslide, and a total of 15 representative monitoring points for
experiments. Table 1 lists the various monitoring points, which will verify that the method
proposed in this paper is suitable with adaptable applicability for different landslide
scenarios under diverse conditions [27–31].
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Table 1. A qualitative description of the landslide area and monitoring points in the study (partly
collected from the literature) will be used for the quantitative analysis in this paper.

Landslide Type of
Landslide

Monitoring
Sites

Location of
Monitoring Sites

Landslide Environment
( 1© Rock Formations

2© Hydrogeology
3© Human)

TMS
landslide

Shallow wading
landslides

1220 Leading edge of slide
blocking section 1© Mainly composed of gravelly clay and gravelly soil rocks;

2© Poor groundwater storage conditions, direct infiltration to
recharge the bedrock fracture water;

3© Shear outlet near the water system, no surrounding houses,
roads, etc.

1235 Index segment antecedents

1243 Leading and trailing edges
of lower sliding section

OT
landslide

Giant cis-laminated
rocky paleo landslide

MJ01 Leading edge of slide
blocking section

1© Mainly composed of powder clay sandwiched between crushed
boulders, etc., the physical and mechanical properties of the
stratum are highly variable;

2© The material permeability of the landslide body is good, and a
large amount of precipitation permeates through the surface to
increase the self-weight and sliding force of the landslide body;

3© Located in Anping Town on the right bank of the Yangtze River,
near the Three Gorges Reservoir.

MJ14 Leading edge of slide
blocking section

FA35 Landslide shear outlet

XP
landslide

Grade I Very Large
Earth Slide

GDA10068 Leading edge of slide
blocking section

1© Moderately weathered—strongly weathered marl and tuff
dominate;

2© The front edge is continuously washed by the water of the
Yangtze River and the mechanical properties of the whole slope
are reduced;

3© The landslide is located on the left bank of the Yangtze River,
near the densely populated market town of Anping Township.

GDA10077 Index segment antecedents

GDA10057 Leading and trailing edges
of lower sliding section
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Table 1. Cont.

Landslide Type of
Landslide

Monitoring
Sites

Location of
Monitoring Sites

Landslide Environment
( 1© Rock Formations

2© Hydrogeology
3© Human)

XSP
landslide

Thick layer
traction-push

downhill slides

FJ02 Leading edge of slide
blocking section

1© The slope is mainly composed of sandstone chalky clay and
gravelly soil rocks;

2© The sudden cracking of the back edge of the slope soil caused by
rainfall-induced landslides;

3© There are a few houses and roads around.

FJ03 Index segment antecedents

FJ04 Landslide shear outlet

HJWC
landslide

Medium cascading
bedrock landslide

FJ1002

Leading edge of slide
blocking section

1© Mainly composed of laminated mudstone, muddy siltstone, and
sandy tuff;

2© Groundwater within the landslide area is mainly overburden
pore water, influenced by atmospheric precipitation, with large
seasonal variations;

3© Near the Three Gorges Reservoir, the main part of the new site of
Shuanglong Town is located on this landslide body.

FJ1005

FJ1009

The landslide deformation data and regional rainfall data were obtained from 2017
to 2020 at the Fengjie monitoring network, provided by the Chongqing Planning and
Natural Resources Bureau. The landslide deformation is monitored by GNSS (monitoring
instruments are installed at the monitoring points described in Table 1) instruments on an
hourly time scale, and consists of vertical and horizontal deformation. The time interval is
an hour, the rainfall is recorded in an hourly increment by a tipping bucket, and the data
are unified in time sequences with a unit of days during data preprocessing.

3. Time-Domain Correlation Modeling of Regional Rainfall-Induced Landslide
Deformation Monitoring Data

The properties of the soil and rock comprising the landslide body in different regional
environments will greatly affect the movement mechanism of rainfall-induced landslides
and the surface deformation of the landslide body. Hence, it is difficult to obtain an
accurate relationship between regional rainfall and landslide deformation in time through
conventional statistical analysis. Accordingly, this article proposes the concept of a time-
domain correlation measurement to describe the response characteristics of deformation in
conjunction with a full understanding of the underlying geological mechanism, and a time-
domain correlation model suitable for evaluating various response models is constructed.
The principle of this approach is to use landslide deformation monitoring data as the time
sequence signal in the usual sense [32], to apply a signal waveform extraction method to
identify and quantify the change in the response process, and to introduce an impulse
response function to calculate the time-domain correlation measurement and divide the
response correlation model [33]. This method can provide a universal prior model of
landslide deformation for a given rainfall-induced landslide area.

3.1. The Concept of Time-Domain Correlation Measurement

Rainfall-induced landslides represent sliding deformation phenomena caused by the
infiltration of rainfall and exhibit different deformation mechanisms [34]; among them,
periodic changes in the surface morphology caused by long-term rainfall-induced surface
runoff is particularly important. Rainfall first enters the dry soil, increasing the weight of
the sliding body, and when the soil becomes saturated, it affects the stability of the slope;
as a result, landslide deformation is lagged [35,36]. In summary, rainfall and deformation
appear to be consistent or hysteresis in time.

To quantify the time-correlation characteristics between regional rainfall and landslide
deformation, the time-domain correlation measurements are proposed for the above phe-
nomenon, including the correlation period and deformation time shift. The monitoring data
characteristics are estimated to obtain the quantitative description of the above correlation
measurements: the rainfall threshold Rt, the mutation point in deformation process Dm.
The conceptual model is illustrated in Figure 3.
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Figure 3. Conceptual diagram of regional rainfall-induced landslide deformation time-domain
correlation measurement. The figure clearly shows the landslide monitoring data, including the
periodic deformation curve (yellow), the hysteresis deformation curve (red), and the regional rainfall
curve (blue).

3.1.1. Time-Domain correlation measurement

1. Correlation period (T). Because the occurrence of a landslide requires a certain
preliminary accumulation of rainfall and stimulation by a given rain intensity, under
a periodic cycle of rainfall, the landslide mass is repeatedly subjected to a “push–pull”
effect [37]; as a result, the time-domain curve of the landslide deformation time series
exhibits a step-like characteristic.

Thus, the time curve of rainfall and landslide cumulative deformation will have a
regular correlation cycle, which represents the consistent correlation between the rainfall in
the landslide area and the corresponding cumulative deformation. With the correlation
period T, the conditions under which a landslide occurs can be quantitatively expressed as
the Formula (1), based on the time series of monitoring data in landslides:

T = Ts

(
∑n

i (TRt
i+1 − TRt

i)

n

)
(1)

where TS is the sampling time, TRt is the time when the regional rainfall reaches the
threshold value Rt.

2. Deformation time shift (td). Because landslides occur in areas with heterogeneous
geological conditions, the deformation lags behind the precipitation due to the infiltration
of rainfall [38]. According to research on the complicated mechanism responsible for level
water flow within a landslide body, the nature of this delay behind the rainfall is essentially
determined by the time when the water enters the sliding body.

The time shift td in Figure 3 is used as a time-domain measure to quantitatively
summarize the response (when T is considered) of landslide deformation to rainfall events
and is quantitatively expressed as the Formula (2):

td =
Ts

T

(
∑n

i (tDm
i − TRt

i)

n

)
(2)

Combining tDm . under the threshold time TRt , it is possible to obtain the time shift
td, and the future deformation of the landslide can be estimated based on td with the
real-time rainfall.



Land 2022, 11, 703 7 of 19

3.1.2. Parameter Estimation of Correlation Measures

The abovementioned critical value Rt of rainfall-induced deformation is extracted by
quantitatively partitioning the regional rainfall history curve to extract the time-domain
characteristics of the triggering event at different stages. Formula (3) represents the rainfall
interval curve partitioned by determining the average rainfall R of each rainfall event. Then,
considering the objective environmental factors such as the regional rock composition,
surface shape, and soil quality, the effective rainfall coefficient k [39] is established to
calculate Rt as the key parameter of the correlation period T, as shown in Figure 3.

Rt = kR (3)

Considering the mutation point Dm of landslide deformation, a large number of land-
slide examples confirm that landslides, especially gravity-driven landslides, can basically
meet the three-stage deformation law proposed by Saito [40], namely, initial deformation,
followed by constant-velocity deformation, and ultimately accelerated deformation. On this
basis, the variation in the curve through the deformation analysis is shown in Figure 3. The
long time sequence of the landslide deformation response process can be discerned on the
basis of whether the signal curve is initially steady before experiencing a sudden increase,
reaches its peak, and then becomes stable again. Combined with this principle of signal
mutation, the abnormal deformation response point Dm is calculated as the key parameter
of the signal time shift td, and the corresponding formula is expressed as Formula (4).

Dm = Max{Dm
n − Dm

n−1

Dm
n+1 − Dm

n } (4)

By describing the parameters of time-domain correlation measures between deforma-
tion and rainfall of rainfall-induced landslides, it can provide quantitative references for
studying the correlation characteristics of deformation responses.

3.2. The Measures Calculation Based on Impulse Response Functions

To obtain a credible time-domain correlation measure, it is necessary to extract the
signal waveform characteristics of the landslide deformation response process, further
calculate the constituent parameters of the correlation measure to obtain the value interval,
and introduce the impulse response function during the signal processing phase to calculate
the specific measured value, as depicted in Figure 4.

Figure 4. Schematic diagram for calculating time-domain correlation measures based on impulse
response functions.
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3.2.1. Parameter Estimation of Correlation Measures

However, it is quite difficult to calculate the abovementioned rainfall critical value and
landslide mutation point by partitioning the rainfall history curve into multiple processes.
At the same time, the monitoring data of a complex sequence cannot be satisfied due to
signal noise, a delay in the response, and other problems. To accurately fit the correlation
measurement of landslides affected by a long time sequence of rainfall in reality, the impulse
response function is introduced during signal processing to calculate the correlation function
between the two signal sequences and measure the similarity between the two signals,
thereby realizing inversion from geometric distance to the actual time interval [41,42].

The impulse response function is a cross-correlation function that describes the char-
acteristics of the time-domain system and is widely used in radar, sonar, digital commu-
nication, and geology [43]. The advantage of the impulse response function is that the
algorithm’s parameters and convolution operation are suitable for signals mixed with
additive noise or delayed samples [44]. For a given time series, this function can solve
for the distance of a real target submerged in noise. In the landslide deformation signal
processing continuously affected by regional rainfall, the rainfall monitoring signal without
random noise is represented by the continuous impulse signal h(t). Similarly, when the
input signal is the impulse signal δ(t) of the landslide deformation fitted waveform, the
output response function ϕ(t) of the system is the convolution integral between the input
rainfall sequence and the deformation sequence [45]. According to the specific change in
the signal under the correlation measurement, the response function is divided into an
impulse period function ϕ(T) and delay response function.

1. Impulse period function ϕ(T). In the definition of the relevant time parameters of
the response function, the signals h(t) and δ(t) are assumed to start at the same time due
to the obvious existence of persistent precipitation. When the input rainfall signal shows a
periodically repeating waveform, the nonlinear subsystem impulse response function is
calculated by the periodic input signal with different amplitudes as the response function
for measuring the rainfall-induced landslide deformation correlation period.

2. Delay response function ϕ(td). When the rainfall impulse signal pair and the
deformation pulse signal have a relative offset (lag) on the time axis, their related time
parameters will also change. This dependence is described by a shift function based on the
signal with zero padding while considering the pulse period, as shown in Formula (5):

φ(T) =
∞∫
−∞

δ(T)h(T − ∆T)d(∆T)

φ(td) =
∞∫
−∞

δ(T)h(T − td− ∆T)d(∆(td + T))
(5)

3.2.2. Measures Calculation

Based on the correlation model of the response function, Formula (6) calculates the cor-
relation Cor and degree of fit Fit (labeled Degree Fit) [46], which are used to quantitatively
analyze the complex correlation model between landslide deformation and rainfall.

Cor〈t|T,td〉 =
N−1
∑

i=0
δi(t)hi+t(t)

Fit〈t|T,td〉 =

N
∑

j=0
(φi(t)−δi(t))

2

N
∑

j=0
(φi(t)−hi(t))

2

(6)

3.3. The Construction of the Time-Domain Correlation Model

Integrating the abovementioned regional rainfall with the landslide deformation
correlation measurement analysis and calculation method, the deformation mechanism
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and correlation properties of rainfall-induced landslides can be broadly classified based on
the regional monitoring data as shown in Table 2.

Table 2. Time-domain correlation model of regional rainfall and landslide deformation.

t ϕ(t) Cor〈t|T,td〉 Fit〈t|T,td〉

M1 T ϕ(T) CorT > Cortd FitT > Fittd
M2 td ϕ(td) Cortd > CorT Fittd > FitT
M3 td / Cort < 0.4 Fitt < 0.4

1. Rainfall-induced landslide deformation consistency model (M1): Under the action
of rainfall and infiltration, the landslide surface balance is easily damaged and sliding
occurs. The effect is expressed as a slow and long-term surface deformation process, as a
rainfall process, and as a deformation process. There is good temporal consistency between
the correlation period T and the pulse period function ϕ(T), and the cross-correlation
and the goodness of fit under the correlation period are the largest. This type of model
can determine the real-time landslide deformation and future deformation based on the
predicted accumulation of rainfall.

2. Rainfall-induced landslide deformation hysteresis model (M2): Affected by factors
such as the composition of the geological body, the thickness of the landslide body, etc.,
rainfall-induced landslide deformation occurs mostly during the middle and late periods
of rainfall or several days later, and the lag times of different types of landslides differ; that
is, there is a lag time td and a delay response function ϕ(td). Generally, the lag times of
landslides that occur in accumulated soil, landfills, loess, clay, and bedrock range from
short to long, and the thickness of the same type of landslide ranges from shallow to deep.

3. Rainfall-induced landslide deformation turbulence model (M3): Because landslide
deformation in a slope is caused by the coupling of multiple factors, some landslide areas
may exhibit little rainfall or weak deformation responses to rainfall; that is, the correlation
between the landslide response and rainfall is weak, using the weak correlation criterion
0.4 as the judgment indicator. Such situations cannot be accurately forecasted, and early
warning systems based on rainfall will fail to predict these landslides.

4. Algorithm Descriptions
4.1. Overview

This paper uses signal processing technology to quantitatively measure the correlation
between regional rainfall and landslide deformation. The flow chart of the method is
illustrated in the Figure 5. The core steps are as follows: 1© Considering the presence of
noise in landslide deformation monitoring data, the proposed method is based on the
described time-domain correlation measurement and parameter extraction of the change
characteristics of rainfall data and deformation data; this approach adopts an adaptive
variable-parameter constrained time-domain classification method for Kalman filtering.
2© Due to the unsynchronized time-domain correlation characteristics between rainfall and

deformation in landslide disasters, combined with the abovementioned correlation measure,
the correlation between the period and time shift of the monitoring signal transformation
structure is realized after noise reduction. 3© An impulse response function that can fuse
two or more signal time-domain change characteristics is constructed, and the deformation
time series variable is calculated in response to the consistent correlation and goodness
of fit of the rainfall variables. 4© The correlation model of the rainfall-induced landslide
deformation response in combination with the above quantitative factors is analyzed, and
then the nature of the internal factors is verified; finally, the correlation period between
regional rainfall and landslide deformation (the lag time) is quantitatively measured.
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4.2. The Adaptive Kalman Filtering for Hierarchical Noise Reduction

For landslide disasters in different regions, when using monitoring data to analyze,
process, and predict landslide disasters, there is often a certain error between the observed
value and the actual value [47]. How to effectively eliminate this error while retaining the
local characteristics is very important in analyzing the deformation characteristics of the
landslide. In this paper, the Kalman filtering method is used to predict the subsequent
time-domain state characteristics through the preliminary time-domain state characteristics
and then to combine the observed values to solve for the optimal value, thereby reducing
noise while retaining local feature values [48].

First, the regional rainfall data and landslide deformation monitoring data are pro-
cessed in a unified time series; that is, the time series quantity tnorm, rainfall rnorm, and
deformation variable dnorm (unit: days) are obtained. For the geological environment, the
rainfall coefficient k is computed, and then the interval threshold and the mutation signal
vnorm are calculated according to the rainfall critical value Rt and the mutation point Dm
described in Formula (3). Finally, the interval is used to perform adaptive Kalman filtering
for hierarchical noise reduction on the mutation signal according to the Formula (7).

Ft =

[
1 ∆t
0 1

]
Rt→
[

1 tnorm−tnorm−1
Rt

0 1

]

Bt =

[
∆t2

2
∆t

]
Rt→

 [ tnorm−tnorm−1
Rt

]2

2
tnorm−tnorm−1

Rt


v̂norm = Ft × vnorm + Bt × v̂norm−1

(7)
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In the above formula, Ft and Bt are the state change matrices in the Kalman filter, ∆t is
the sampling time, v̂norm is the current estimate, vnorm is the measured value, and v̂norm−1
is the previous estimate.

4.3. The Structural Transformation with Correlation Measure Constraints

Because of the seasonal cyclic characteristics of regional rainfall and the asynchronous
time-domain correlation between rainfall and deformation in landslide hazards, the com-
bined time-domain waveforms cannot be judged directly, and this paper uses the time-
domain correlation measure as a dynamic parameter to transform the monitoring signals
into a characteristic structure for the quantitative analysis of regional rainfall-induced land-
slide deformation responses. Equation (7) clusters the noise-reduced deformation signals,
sudden change signals, and rainfall signals based on the correlation period T [49]. The mon-
itoring signals are divided into several effective time regions by expanding the time series
quantity tnorm, while the following signal shifts are further applied to the rainfall signals
that have been clustered in the time domain according to the time shift quantity td, with
the aim of further investigating whether there is a lag between rainfall and deformation in
the region. 

fT : tT
i = tnorm

0 + i× T
dT

i = fT

[
d̂norm

]
rT

i = fT [rnorm]
v̂T

i = fT [v̂norm]

⇒


gT_td : tT_td

i = fT [tnorm − td]
dT_td

i = gT_td

[
d̂norm

]
rT_td

i = gT_td[rnorm]

v̂T_td
i = gT_td[v̂norm]

(8)

4.4. The Quantitative Analysis of Regional Rainfall-Induced Landslide Deformation Response

To calculate the time-domain correlation measure of regional rainfall-induced landslide
deformation, the following formula combines the signals with the transformed structure
to construct a periodic impulse function and a time-delayed impulse function. According
to the model judgment table, a consistent correlation model judgment does not need to
consider the time-domain shift. The signal is expanded and contracted on the basis of
the overall correspondence, the response function index between the two curves is solved
with the expanded data, and the correspondence is adjusted simultaneously to reconstruct
the signal.

As shown in Formula (9), multiple sets of correlations are solved in this manner, and
the best set is taken for further analysis. In contrast, the determination of the lag correlation
is different from that of the consistent correlation in that the time-domain shift needs to
be considered. When the signal is expanded and contracted, the time-domain shift is
applied to solve for the correlation, and the degree of fit is compared corresponding to the
time-domain response correlation model. The quantitative values of the correlation period
T and signal time shift td are then calculated backward.

φ(T) =
∞∫
−∞

vT
i rT

i d(∆T)⇒
{

CorT = Cor
(
vT

i , rT
i
)

FitT = Fit
(
φ(T), vT

i
)

φ(td) =
∞∫
−∞

vT
i rT_td

i d(∆(td + T))⇒
{

Cortd = Cor
(

vT
i , rT_td

i

)
Fittd = Fit

(
φ(td), vT

i
) (9)

5. Experimental Analysis
5.1. Dataset Analysis

The landslide deformation and rainfall data at the monitoring points were plotted
as time curves (Figure 6). A significant correlation can be found between landslide defor-
mation and regional rainfall. However, it is difficult to accurately determine the relevant
magnitudes and durations at minor time scales. At the same time, there is some noise in
the landslide deformation data. Therefore, the monitoring data are modeled according to
the method of this paper to realize the quantitative calculation of the time correlation.
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5.2. Experimental Results

This paper selects all the GDA10068 monitoring points in the XP landslide area for
a quantitative analysis using the proposed time-domain correlation model, and simulta-
neously calculates the analysis results at all the monitoring points in the landslide area.
First, for the original monitoring data of rainfall and landslide deformation with an hourly
sampling interval, the cumulative amount of which is less than one day due to missing data,
interpolation is applied to standardize the units to days to obtain continuous deformation
cumulative signals and rainfall signals. The parameters Dm and Rs of the time-domain
correlation measurement described according to Formulas (3) and (4), respectively, are then
calculated, and the rainfall coefficient k is obtained based on previous research experience
in conjunction with the geological environment of the landslide area (Table 1); the results
are shown in Table 3. The gain parameter of the Kalman filter is further updated according
to Formula (6) to realize adaptive hierarchical noise reduction for the landslide deformation
signal. The experimental effect of this filter is shown in Figure 7.

Table 3. Time domain measurement parameters of monitoring points in landslide areas.

Monitoring Sites Dm R k Rs

1220 1.7628
18.283 6.67 121.941235 1.3285

1243 0.9477

MJ01 2.6552
15.391 9.74 149.90MJ14 2.9282

FA35 2.1681

GDA10068 2.1371
15.398 12.48 192.16GDA10077 2.3757

GDA10357 1.5635

FJ02 2.3611
13.764 11.89 163.65FJ03 2.7911

FJ04 1.3659

FJ02 10.2612
4.404 7.76 34.17FJ05 9.3689

FJ09 10.2251
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Figure 7. Map of monitoring data at landslide site GDA10068. Used to calculate rainfall-induced
deformation value, mutation signals, and the corresponding Kalman filter results.

In the signal feature structure transformation stage, the time-domain correlation
measures T and td are used as variable parameters in Formula (7), and the ranges are
specified here as 0~60 days and 0~30 days, respectively. The example diagram in Figure 8a is
the feature map of signal clusters at 5, 20, and 40 days. At the same time, a certain clustering
parameter is fixed, and td is 1, 2, and 3 for the signal time shift. It is obvious that most
of the monitoring points in each area record the amount of rainfall, and the deformation
signals gradually show the same trend. The correlation degree Cor in Formula (8) is used
to accurately quantify the accurate value or effective range of the time-domain correlation
measure, and the results are shown in Figure 8b.

In the quantitative analysis of the regional rainfall-induced landslide deformation
response, the correlation function between the rainfall and deformation is constructed
according to Formula (5) using the rainfall-deformation correlation signal after a series
of processing steps. The function performance is shown in example Figure 8c, and the
described impulse response function type corresponds and divides the correlation function
of the research point into a pulse period function, a delay response function, and a disorder
function without changing the properties. Using Formula (9), the degree of fit Fit can
then be calculated to determine the accurate value or effective range of the time-domain
correlation measure. Corresponding to the proposed time-domain correlation model
according to the calculated results, there is a delayed response between the rainfall and
landslide deformation in the study area, and there is a 5-day lag time under a 56-day
cycle. In summary, this area can be simulated by a rainfall-induced landslide deformation
hysteresis correlation model.

5.3. Analysis and Discussion

Table 4 shows all the model indicators summarized by the above calculation process for
all monitoring sites, which can meet the requirements for judging the rainfall-induced land-
slide correlation modes. We also compared the results with existing studies to demonstrate
the validity of the method [50–52].
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Figure 8. Map of the results of the test using the time-domain correlation quantitative analysis
model at landslide site GDA10068. (a) This figure illustrates the process of monitoring signals for
period clustering using the time domain correlation measure described and the signal time shifting.
The correlation measure Cor is also measured quantitatively. (b) This figure shows the quantitative
calculation of the signal after the clustering and time-shifting operations. The value of Cor tells us the
optimal T and td (dark blue). (c) Response function construction and quantitative calculation results
for correlated signals. The value of Fit tells us the optimal T and td (dark blue).
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Table 4. Table of quantitative analysis results of monitoring points in the landslide area.

Landslide Area Monitoring Sites T td CorT Cortd FitT Fittd M

TMS landslide
1220 48 0 0.6775 0.1162 0.7521 0.2236

Consistency model
M1

1235 48 0 0.7217 0.2158 0.7956 0.2665
1243 50 0 0.6022 0.3547 0.7142 0.2737

OT landslide
MJ01 58 0 0.6931 0.2422 0.8015 0.2483
MJ14 58 0 0.7839 0.2216 0.8657 0.1157
FA35 58 0 0.6236 0.3188 0.6934 0.2685

XP landslide
GDA10068 56 5 0.2574 0.6441 0.2748 0.7582

Hysteresis model
M2

GDA10077 56 5 0.2031 0.7105 0.1778 0.7938
GDA10357 56 5 0.1852 0.7190 0.1862 0.8114

XSP landslide
FJ02 49 18 0.2276 0.7227 0.1421 0.8624
FJ03 50 21 0.2185 0.7195 0.1488 0.8473
FJ04 52 20 0.2939 0.6168 0.3162 0.7025

HJWC landslide
FJ1002 23 0 0.1913 0.1898 0.2483 0.2737

Turbulence model
M3

FJ1005 12 6 0.3395 0.3188 0.2926 0.1974
FJ1009 10 10 0.0674 0.2483 0.1737 0.2454

1. According to the calculation results for the TMS landslide and the OT landslide
model, there is a periodic correlation between the rainfall at the monitoring points and
the landslide deformation, and the response function constructed by the above signals is
expressed as a pulse period function ϕ(T); at the same time period T, the signal correlation
and function fitting degree under clustering are both greater than the correlation degree
and fitting degree of the time shift td involved in the calculation and correspond to the
consistent correlation model; therefore, such areas can be separately measured to determine
the historical landslide deformation and deformation based on the amount of rainfall.
Periodic accumulations of 48–50 days and 58 days can be used to predict consistent changes
in future landslide motion.

2. According to the model calculation results for the XP landslide and the XSP land-
slide, there is a periodic correlation between the rainfall at the monitoring points and the
landslide deformation, there is a certain signal time shift, and the response function shows
a delayed response function ϕ(td). The signal correlation degree and function degree
involved in the calculation of the time shift td are greater than the correlation degree and
the degree of fit under the clustering at period T, which corresponds to the hysteresis corre-
lation model; therefore, there is a certain lag between the rainfall and landslide deformation
in the above areas. Periodic changes in duration need to be analyzed in advance by a time
shift when predicting future changes to obtain more adequate warning times.

3. The model calculation results between the rainfall and landslide deformation at
the HJWC landslide monitoring point all correspond to the turbulent correlation model.
Therefore, it is not possible to provide a preliminary warning of landslide deformation
based on rainfall alone in this area; rather, the additional analysis of other monitoring
information is required.

4. Comparing the results of this paper with recent studies, the common rainfall-
induced landslides exhibit mostly lagging phenomena. For instance, Pukar [53] indicated
that there are landslides in the Lower Mekong Region in which deformation lags 12 days
behind rainfall. Meanwhile, Japanese researcher Tsunetaka [54] found that when the rainfall
is greater than 200 mm, the lag time of landslide deformation can be as low as 3d. Salee [55]
also proves that a 20-day cumulative rainfall depth event was the most suitable duration
of cumulative rainfall depth. Therefore, the required duration of landslide deformation
induced by rainfall varies in different regions of the world, and the reasons for this are an
important direction for continued in-depth research.

Rainfall data are easy to obtain and constitute relatively stable monitoring data, and
only surface deformation data are needed to study the significant changes in landslide
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disasters to achieve effective early warnings. The method proposed in this paper involves
a calculation model for the signal correlation in the time domain. The proposed model can
not only quantitatively describe the motion of landslide deformation affected by rainfall but
also determine different correlation models based on the rainfall and landslide deformation
and calculate the differences between the two under different models. Compared with the
existing methods, this time-domain correlation feature also possesses a certain degree of
universality and scalability when there is no ultra-long time sequence and high-precision
monitoring data. In particular, the time-domain correlation model proposed herein is
universal and can be used as a general judgment index for all rainfall-induced landslide
disasters; moreover, the complexity of the response calculation method is low. Hence, this
model is suitable for supporting the parallel computing of short-term data from multiple
monitoring points on large-scale landslides, which is useful for periodic monitoring.

However, for the uncertain landslides, other predisposing factors need to be considered
to obtain regular correlated changes between regional rainfall and landslide deformation.
Therefore, further research can focus on strengthening the correlation analysis of monitoring
data with a relationship between the reservoir water level and landslide deformation to
improve the model indicators of rainfall-induced landslides and other types of landslides
and more accurately establish multifactor constrained time-domain correlation models.
Nevertheless, this study provides a scientific and accurate basis for faster and more accurate
landslide warnings.

6. Conclusions

This paper proposes a method for the quantitative analysis of regional rainfall-induced
landslide deformation responses based on a time-domain correlation model. Considering
the difficulty of quantifying landslide deformation trends under rainfall through short-
term data by existing methods, a new research framework is proposed including the
time-domain correlation model using signal processing techniques. Mining potential and
deep-seated correlations between rainfall and landslide deformation from long time series
of landslide monitoring data. Furthermore, through a quantitative correlation measure,
the consistent correlation period and the hysteresis time shift caused by regional rainfall
affecting landslide deformation can be obtained, and finally, an effective prediction of the
time period of landslide deformation can be achieved. Experiments were conducted on
rainfall and landslide deformation monitoring data at five landslide locations in Fengjie
County, Chongqing. The results showed that the rainfall-induced landslide deformation of
the XP landslide and XSP landslide in hidden hazard areas exhibits a delayed correlation.
In contrast, the correlation model for the hidden hazard areas of the TMS landslide and OT
landslide shows a consistent correlation, verifying the feasibility of this method in studying
the deformation of rainfall-induced landslides.

This model is universal and largely independent of the landslide environment; at the
same time, it is scalable and portable, and can be extended to the analysis of landslides
caused by external natural factors such as earthquakes. Therefore, the model is suitable for
supporting the calculation of multiple sites for multi-scale landslides, which is useful for
regular monitoring and early warning.

We also summarized the current limitations of our proposed methods and outlined
promising future work.

1. Lack of utilizing monitoring data: When this model is used for risk management of
landslides with disorderly correlations, it is difficult to analyze with rainfall monitoring data
only because the external hazards affecting it are not equally important. Therefore, different
influencing factors, such as reservoir level or groundwater level, should be included.

2. Uncertainty of landslide deformation trend: In reality, landslide deformation does
not necessarily lead to instability, so the model lacks the discrimination regarding the
degree of deformation when applied to risk management. We will be able to classify the
susceptibility to landslides from the quantitative calculation results.
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