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Abstract Landslides, seriously threatening human lives
and environmental safety, have become some of the most
catastrophic natural disasters in hilly and mountainous
areas worldwide. Hence, it is necessary to forecast
landslide deformation for landslide risk reduction. This
paper presents a method of predicting landslide displace-
ment, i.e., the improved multi-factor Kalman filter (KF)
algorithm. The developed model has two advantages over
the traditional KF approach. First, it considers multiple
external environmental factors (e.g., rainfall), which are
the main triggering factors that may induce slope failure.
Second, the model includes random disturbances of
triggers. The proposed model was constructed using a
time series which consists of over 16-month of data on
landslide movement and precipitation collected from the
Miaodian loess landslide monitoring system and nearby
meteorological stations in Shaanxi province, China. Model
validation was performed by predicting movements for
periods of up to 7 months in the future. The performance of
the developed model was compared with that of the
improved single-factor KF, multi-factor KF, multi-factor
radial basis function, and multi-factor support vector
regression approaches. The results show that the improved
multi-factor KF method outperforms the other models and
that the predictive capability can be improved by
considering random disturbances of triggers.

Keywords landslide, improved Kalman filter, triggering
factors, displacement prediction

1 Introduction

Landslides have become some of the main natural hazards
in hilly and mountain areas and caused casualties and
economic damage worldwide. In addition to direct and
indirect financial losses, landslides have also caused
significant environmental damage (Huang, 2007; Cojean
and Caï, 2011; Bai et al., 2012). Therefore, predicting
landslide movements for early warnings is crucial to
avoiding or at least mitigating adverse effects not only on
humans and property but on the environment, especially
when countermeasures are ineffective (Krkač et al., 2017).
However, the landslide evolution process is nonlinear and
complicated (Huang, 2004). Further landslides are gen-
erally considered to be governed by numerous internal and
external factors known and unknown, e.g., geological
conditions, rainfall intensity, and groundwater level
fluctuations, showing stochastic behavior due to the
stochastic characteristics of the triggers. Consequently,
the randomness of landslides and external triggering
factors as well as their complex nonlinear interrelation-
ships make precise landslide displacement prediction a
challenging task.
The stability of land is generally evaluated by displace-

ment and displacement velocity during slope failure.
Numerous landslide prediction models based on displace-
ment have been developed since the proposal of empirical
formulas presented by Saito (Saito, 1965; Fukuzono, 1985;
Crosta and Agliardi, 2003; Polykretis et al., 2015; An et al.,
2016; Carlà et al., 2017; Zhou et al., 2018). These
approaches can be broadly grouped into three categories.
The first category includes approaches based on creep
theory, such as tertiary creep (Saito, 1965), and a model
derived from the linear trend of an inverse displacement-
rate curve (Voight, 1988 and 1989). The second category
contains statistical techniques based on the displacement
versus time, e.g., the gray model (Gao and Feng, 2006; Xu
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et al., 2011), exponential smoothing model (De Livera
et al., 2011), and Verhulst model (Yan, 1988; Li et al.,
2012). The third category consists of nonlinear and
artificial intelligence models, such as artificial neural
networks (Pradhan and Lee, 2010; Alimohammadlou
et al., 2014; Xu and Niu, 2018), the support vector
machine model (Xu et al., 2012; Pradhan, 2013; Chen
et al., 2016; Hong et al., 2016), the radial basis function
(RBF) model (Li et al., 2008), and various coupling
models (Wu et al., 2007; Liu et al., 2014; Tazik et al., 2014;
Zhang et al., 2015; Bui et al., 2016; Colkesen et al., 2016;
Huang et al., 2016; Miao et al., 2018).
Among the mentioned techniques above, the Kalman

filter (KF) approach has been widely applied to solving
dynamic deformation data in landslide predictions because
it has the best linear unbiased estimator, is easy to program,
and has a low memory requirement (Li et al., 2010; Qian
et al., 2012; Zhang et al., 2012; Fu, 2013; Lu and Jiang,
2017). However, the factors triggering landside deforma-
tion are not considered in the traditional KF model, which
results in a poor performance. Hence, landslide predictions
with improved accuracy are never achieved by considering
only the displacement since landslides are influenced by
various factors such as rainfall and underground water
level variation (He et al., 2010; Zou et al., 2017). To
overcome this limitation, an improved multi-factor KF
technique based on the random disturbances of external
triggers is presented to yield strong function fitting and
generalization ability for improved accuracy. In addition,
landslide displacement is generally divided into three
terms— trend terms, periodical components, and random
terms and each of which can be predicted separately (Cao
et al., 2016; Zhou et al., 2018). However, although
simulation is much more complex, most models only
predict the trend terms and periodical components,
ignoring the influence of random terms (Xu and Niu,
2018; Zhou et al., 2018). Therefore, without decomposing
the displacement, this report presents an improved multi-
factor KF model considering the random disturbances of
external factors. These factors have not been studied
previously, and no such model has been proposed
previously. The Jingyang landslide in Shaanxi province
of China was taken as a case study. Based on the analysis
of landslide deformation, the monthly rainfall and daily
maximum precipitation were selected as the triggering
factors of landslide movements. To verify the performance
of the proposed model (the improved multi-factor KF
approach), the improved single-factor KF, multi-factor KF,
multi-factor RBF, and multi-factor SVR models were
applied to predict landslide displacement for comparison.
The results show that the developed model performs better
than the other models considered in this study.

2 Method

2.1 KF algorithm

Consider a linear dynamic system (Cui et al., 2009)

X̂ k ¼ Φk,k – 1X̂ k – 1 þ Γ k,k – 1Ωk – 1

Lk ¼ BkX̂ k þ Δk

,

(
(1)

where X̂ k is the state vector at epoch k and X̂ k – 1 is the state
vector at epoch k – 1, Φk,k – 1 is the state transition matrix,
Γ k,k – 1 is the coefficient matrix of the state noiseΩk – 1, Lk is
the observation at epoch k, and Bk is the observation
matrix. The symbols Ωk – 1 and Δk are the state noise and
measurement noise respectively, both of which are zero
mean uncorrelated Gaussian white noise satisfying

E½ΩkΩ
T
j � ¼ Qkδkj,E½ΔkΔ

T
j � ¼ Rkδkj,E½ΩkΔ

T
j � ¼ 0, (2)

where Qk and Rk are the corresponding covariances of
Ωk – 1 and Δk respectively, and δkj is the Kronecker delta
function.
Then, the main KF equations are as follows (Yang et al.,

2001, 2006, 2010):
Prediction:

X̂k=ðk – 1Þ ¼ Φk,k – 1X̂k – 1,

DX̂ k=ðk – 1Þ
¼ Φk,k – 1DX̂k – 1

ΦT
k,k – 1 þ Γ k,k – 1DΩk – 1

ΓT
k,k – 1,

(3)

Updating:

Jk ¼ DX̂ k=ðk – 1Þ
BT
k ðBkDX̂ k=ðk – 1Þ

BT
k þ DΔk

Þ – 1

X̂ k ¼ X̂ k=ðk – 1Þ þ JkðLk –BkX̂ k=ðk – 1ÞÞ
DX̂ k

¼ ðI – JkBkÞDX̂ k=ðk – 1Þ

(4)

where X̂ k=ðk – 1Þ is the predicted state vector; DX̂k=ðk – 1Þ
is

the variance matrix of X̂ k=ðk – 1Þ; Jk is the gain matrix; DΩk – 1

represents the variance matrix of the state noise Ωk – 1; DΔk

stands for the variance matrix of the measurement noise
Δk ; X̂ k is the estimated state; DX̂k

is the variance matrix of

X̂ k ; and DX̂k – 1
is the variance matrix of X̂ k – 1.

2.2 Modified KF considering multiple factors

According to the geological conditions in the study area,
the monthly rainfall and daily maximum precipitation were
chosen as the main triggering factors (Duang, 2013; He,
2016). Hence, the deformation model can be further
expressed as
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x ¼ xðt, r,TÞ, (5)

where t is the observation time, r is the monthly cumulative
rainfall, T is the daily maximum precipitation in a month,
and x is the monthly landslide deformation.
The short interval of observation time and small

deformation means that the Taylor series expansion of x
can be obtained as follows (excluding the cubic terms):

xkðtk ,rk ,TkÞ ¼ xk – 1ðtk – 1,rk – 1,Tk – 1Þ þ vk – 1ðtk – tk – 1Þ

þ ak – 1ðtk – tk – 1Þ2 þ bk – 1ðrk – rk – 1Þ

þ ck – 1ðrk – rk – 1Þ2 þ dk – 1ðTk – Tk – 1Þ

þ ek – 1ðTk – Tk – 1Þ2, (6)

where vk – 1 ¼ ∂x
∂t

� �
tk – 1

is the deformation velocity of the

landslide at epoch tk – 1, ak – 1 ¼ 1
2

∂x
∂t

� �2
tk – 1

is the deforma-

tion acceleration of the landslide at epoch tk – 1, bk – 1 ¼
∂x
∂r

� �
rk – 1

is the influence of rainfall on the landslide, ck – 1 ¼
1
2

∂x
∂r

� �2
rk – 1

is the random disturbance of rainfall, dk – 1 ¼
∂x
∂T

� �
Tk – 1

is the impact of daily maximum precipitation on

the landslide, and ek – 1 ¼ 1
2

∂x
∂T

� �2
Tk – 1

is the random dis-
turbance of daily maximum precipitation.
Given the random disturbance of external factors and

regarding the acceleration as dynamic noise (Cui et al.,
2009; Lu and Jiang, 2017), the coefficient matrix of the
state noise can be written as

Γ k,k – 1 ¼ !
tk

tk – 1

Φðtk ,τÞFðτÞdτ ¼ 1
6 Δt3k – 1 þ 1

2 Δr2k – 1Δtk – 1 þ 1
2 ΔT

2
k – 1Δtk – 1 Δrk – 1Δtk – 1 Δtk – 1 ΔTk – 1Δtk – 1 Δtk – 1

h iT
,

where

FðτÞ ¼ 0 0 1 0 1 0 1½ �T:

The state equation can be expressed as follows:

xk
vk
ak

bk
ck

dk
ek

2
666666666664

3
777777777775
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1 Δtk – 1
1
2 Δt

2
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1
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k – 1 ΔTk – 1
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þ

1
6 Δt

3
k – 1 þ 1

2 Δr
2
k – 1Δtk – 1 þ 1

2 ΔT
2
k – 1Δtk – 1

1
2 Δt

2
k – 1

Δtk – 1

Δrk – 1Δtk – 1

Δtk – 1

ΔTk – 1Δtk – 1

Δtk – 1

2
66666666666664

3
77777777777775
Ωk – 1, (7)

where X̂ k ¼ xk vk ak bk ck dk ek½ �T, Δtk – 1 ¼ tk – tk – 1, Δrk – 1 ¼ rk – rk – 1, ΔTk – 1 ¼ Tk – Tk – 1, and

Qing LING et al. Improved KF considering multi-factors 627



Φk,k – 1 ¼

1 Δtk – 1
1
2 Δt

2
k – 1 Δrk – 1

1
2 Δr

2
k – 1 ΔTk – 1

1
2 ΔT

2
k – 1

0 1 Δtk – 1 0 0 0 0

0 0 1 0 0 0 0

0 0 0 1 Δrk – 1 0 0

0 0 0 0 1 0 0

0 0 0 0 0 1 ΔTk – 1

0 0 0 0 0 0 1

2
66666666666664

3
77777777777775
:

Equation (7) can be written as

X̂ k ¼ Φk,k – 1X̂ k – 1 þ Γ k,k – 1Ωk – 1: (8)

The observed equation is

Lk ¼ BXk þ Δk , (9)

where Lk represents the deformation at the epoch k,
Bk ¼ 1 0 0 0 0 0 0½ �.

2.3 Proposed model and performance evaluation

In this study, the total displacement and precipitation data
were modeled into the improved multi-factor KF. The
performance of the proposed method was compared with
those of the improved single-factor KF, multi-factor KF,
multi-factor RBF, and multi-factor SVR approaches.
Four statistical indices were adopted to assess the model

performance: the root mean square error (RMSE), absolute
percentage error (APE), mean absolute percentage error
(MAPE), and goodness of fit (R2). Larger values of R2 and
smaller values of the RMSE and MAPE indicate higher
prediction performance. The formulas used to calculate
these four measures are as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn
i¼1

L̂i – Li
� �2s

, (10)

APE ¼ j L̂i – Li
Li

j, (11)

MAPE ¼ 1

n

Xn
i¼1

j L̂i –Li
Li

j, (12)

R2 ¼
n
Pn
i¼1

L̂iLi –
Pn
i¼1

L̂i
Pn
i¼1

Li

� �2

n
Pn
i¼1

L̂i
2 –

Pn
i¼1

L̂i

� �2� �
n
Pn
i¼1

Li
2 –

Pn
i¼1

Li

� �2� � ,

(13)

where n is the cumulative number of displacements, Li is
the observed displacement, and L̂i is the predicted

displacement.

3 Case study with real landslide monitoring
data

3.1 Regional geological structure

We selected a landslide in the world-famous Loess Plateau
as research object to test the effectiveness of the new KF
algorithm. The study area is in the Jingyang region,
Shaanxi province of central China (Fig. 1). Numerous
landslides have developed in the Jingyang region with a
generally stripped distribution along the right bank of the
Jing River. By the end of April 2016, 92 loess landslides
had occurred at 69 locations in the study area, 17 of which
slid two or more times (Duang, 2013; He, 2016). In the
region from Jiangliu to Miaodian, 64 slope failures
occurred (He, 2016). Furthermore, there have been 34
landslides in the area from Zhaitou to Miaodian, within a
distance of only 3.6 km (He, 2016).
In the study area, the front part of the landslide is 700 m

away from Jing River, whereas the back part is 60 m away
from a diversion canal with elevation ranging from 470 m
to 370 m (Liu et al., 2017). The study area has an average
longitudinal dimension of ~267 m, a width of ~227 m with
the main sliding direction oriented at ~14°, and a forward
sliding distance of ~300 m. Due to the continuous lateral
erosion of the Jing River, a high and steep slope with a
height of ~50 m and a gradient of ~60° has gradually
developed, and a relatively open alluvial-diluvial terrace
has formed. Irregular concave terrain exists on both sides
of the landslide. In addition, the formation of three free
surfaces of the soil has been accomplished owing to
frequent occurrences of landslides in the study area,
providing natural topographic conditions for the develop-
ment of loess landslides (Fig. 2).
Geologically, the study area consists of Malan loess,

Lishi loess, and Paleosol (Fig. 2). The loess layer is
relatively loose and has well-developed vertical joints with
strong permeability, while Paleosol is relatively waterproof
or weakly permeable. The vertical infiltration of precipita-
tion from the upper part of the slope into the soil results in
an increase in saturation and a decrease in the shear

628 Front. Earth Sci. 2020, 14(3): 625–636



strength of the contact surface, thus promoting the
development of a weak sliding surface. Further, the

tendency of the soil layer is consistent with that of the
slope, which accelerates the deformation and consequently

Fig. 1 Geographic locations of the Jingyang landslides.

Fig. 2 Landslide in the study area (Photos were taken on December 5, 2015). (a) Landslides that occurred in 2013; (b) Landslide that
occurred on May 26, 2015; (c) geological profile of Miaodian landslide.
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failure of the slope. Geographically, the study area is in a
temperate continental monsoon region that receives
548.7 mm of rainfall annually and has temperatures
ranging from below 20.8°C to 41.8°C. Since the 1970s,
more than 80 landslides have occurred at 30 locations in
the south Plateau of Jingyang, 3 of which are within the
study area (Liu et al., 2017). Closely related to external
factors (e.g., rainfall), the groundwater level in the
landslide zones widely varies with seasonal rainfall and
irrigation, which are also among the main triggering
factors affecting landslide stability (Cao et al., 2016).
Thus, the steep slopes and fronts of landslides provide

favorable terrain conditions for slope deformation. After
heavy precipitation a large quantity of rainwater infiltrates
the soil layer, increasing the bulk density of the soil and
decreasing its shear strength, thus adversely impacting the
overall stability of the land.

3.2 Temporal evolution characteristics of landslide defor-
mation

To effectively evaluate the slope stability of the study area,
a deformation monitoring network was constructed in June
2015 (Fig. 3). Nine monitoring stations denoted MD01–
MD09 were established in the landslide area. Three
stations (JZ01, JZ02, and JZ03) established on stable
regions were used as the data. Deformation monitoring
with high precision (plane precision better than �5 mm,
height precision better than �3 mm) was frequently
conducted by employing the Leica TS30 measurement

robot (Switzerland). At present, landslide deformation data
from June 2015 to May 2017 are available.
Figure 4 presents the monitoring data obtained at nine

stations from July 2015 to May 2017. The results
demonstrate that each point deformed to a different
degree, where MD09 experienced significant S-shaped
deformation. The cumulative settlement of MD09 was up
to -582 mm until May 2017. In the initial stage, the
displacement of MD09 increased slowly. The displacement
then became faster before gradually slowing down. This
deformation characteristic of MD09 is very representative.
In addition, MD09 was located at the edge of the middle of
the landslide, and this area is prone to deformation under
favorable conditions. Hence, MD09 was selected for
detailed analysis due to its typical deformation and
location.
Previous researchers have revealed that slope failure is

never attributable to only one single cause, but rather a
collection of parameters that contribute in an interactive
manner (Yalcin et al., 2011). According to this argument,
landslides occur due to the comprehensive and mutual
influences of various factors that account for the frequent
occurrences of landslides. In this section, the triggering
factors will be discussed to explore the failure mechan-
isms. Data on monthly displacement, daily maximum
rainfall, and monthly cumulative precipitation at MD09 are
shown in Fig. 5, and the relationships among these factors
were analyzed and presented as follows.
The stage between July and October 2015 was

immediately after the slope failure occurred in June

Fig. 3 Deformation monitoring network of landslides in the study area.
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2015. Energy dissipation occurred, and the rate of
deformation gradually became stable after reaching its
peak value in August. Therefore, although the rainfall was
intense, the landslide was in a stable state and underwent
little deformation.
From November 2015 to May 2016, precipitation was

gentle but deformation was relatively high, and this is
probably due to the irrigation in winter (early November–
late December) and spring (early March–mid-April) (Fig.
5). Widespread irrigation may have caused prompt
rebounding of the groundwater, inducing uplift pressure.
Furthermore, the high saturation at the beginning of
irrigation would have led to obvious vertical subsidence of
the landslide, rapidly increasing the vertical displacement.
In addition, as the groundwater generated by seasonal
freeze-thaw discharge was blocked, the groundwater level

tended to increase; this induced a large vertical subsidence.
When factors such as precipitation and irrigation are
superimposed, the stability of the landslide will be affected
and the cumulative displacement will increase significantly
(Jing and Dai, 2007; Li et al., 2007; Wang and Yao, 2008).
For instance, periods such as November–December 2015,
March–April 2016, July–August 2016, and November–
December 2016 show similar patterns (Fig. 5). In addition,
precipitation slows landslide deformation. It is clear that
large movements in November 2015 were also attributable
to the rainfall in the previous month, when precipitation
reached 60.2 mm. The displacement in November 2016
also showed similar patterns. Thus, the deformation is
mainly attributable to the interaction of widespread
irrigation and the effects of precipitation during this stage.
From June 2016 to February 2017, the monthly

displacement exhibits good agreement with the variations
in the monthly rainfall intensity and daily maximum
rainfall intensity in a month (Fig. 5). From Fig. 5, it is
obvious that the cumulative displacement increases in a
hopping and fluctuating manner along with the precipita-
tion to a certain extent. However, in September and
December 2016, the rainfall was gentle, whereas the
landslide experienced substantial movement. As discussed
above, the hysteresis impact of precipitation on the
displacement accounts for the large deformation since
there was strong rainfall in the previous two months, i.e.,
August and November. Furthermore, widespread winter
irrigation from early November to late December corre-
sponds to the large deformation in December 2016. The
correlation coefficient between the displacement and
monthly rainfall was found to be 0.79 and 0.88 during
this period with and without considering the data from
September and December 2016, respectively. Hence,

Fig. 4 Monitoring curves for accumulated displacement of
landslides at 9 monitoring stations.

Fig. 5 Monthly cumulative rainfall, daily maximum precipitation and monthly displacement monitoring data of station MD09.
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precipitation was the main external factor that influenced
landslide movement during this time and exerted a “lagged
effect” on landslide deformation to some extent, and
widespread irrigation also contributed substantially to
slope failure.
Since canal renovation was completed from March to

May 2017, widespread irrigation had minimal influence on
landslide stability. Additionally, even though the precipita-
tion was heavy, the landslide experienced little deforma-
tion, demonstrating that the landslide was in a stable state.
Thus, the increase in landslide displacement generally
became stable despite the dramatic increase in precipita-
tion.
In the light of the abovementioned qualitative and

quantitative analysis, obvious nonlinear dynamic response
relationships were observed between external triggers and
landslide displacement in the study area. A combination of
parameters, e.g., rainfall variations and widespread irriga-
tion, contributed interactively to the occurrence of land-
slides, and seasonal freeze-thaw also had adverse
influences on landslide stability.

3.3 Modeling and prediction of landslide displacement

Based on the analysis of the Jingyang landslide, the
predictive multi-factor KF was proposed to establish a
predictive model of landslide movement in the study area.
Monitoring data for the period from July 2015 to October
2016 were selected to establish the model, and those from
November 2016 to May 2017 were employed for
validation. The monthly cumulative rainfall and daily
maximum rainfall were selected as the main triggering
factors to simulate and predict landslide deformation
accurately. Further, to analyze the efficiency of the
improved multi-factor KF, four other methods were
adopted to predict the displacement: the improved single-
factor KF, multi-factor KF, multi-factor RBF, and multi-
factor SVR approaches. The R2, RMSE, andMAE of all the
models discussed are shown in Table 1.

From Table 1 and Fig. 6, it is clear that the predictions of
all considered models agree closely with the measure-
ments, where the improved multi-factor KF approach
performs better than the other mentioned techniques. The
highest R2 value of 0.976 was also achieved using the

proposed model. Considering the predictions, the lowest
RMSE and MAPE values were obtained with the proposed
method. Specifically, the RMSE and MAPE were found to
be 4.608 mm and 0.7%, respectively, with the improved
multi-factor KF model; 8.405 mm and 1.1%, respectively,
with the improved single-factor KF technique; 11.218 mm
and 2.0%, respectively, with the multi-factor KF approach;
12.14 mm and 2.0%, respectively, with the multi-factor
RBF method; and 36.34 mm and 5.24%, respectively, with
the multi-factor SVR method. Thus, the developed
technique was determined to be the optimal model in this
study.
Additionally, although the three compared models

performed well most of the time, all of them achieve less
accurate prediction as the number of prediction test
samples increases while the proposed approach still
shows higher accuracy in the prediction of landslide
movements. For instance, the APE of the proposed model
fromMarch to May 2017 is only 0.01%, 0.62%, and 0.73%
(Fig. 7), whereas the APE of the improved single-factor
KF, multi-factor KF, multi-factor RBF and multi-factor
SVR are 2.23%, 2.31%, and 1.99%; 2.13%, 1.41%, and
1.77%; 0.28%, 2.11%, and 2.52%; and 7.22%, 9.38%, and
10.29%, respectively (Fig. 7).
Furthermore, the multi-factor KF model can also predict

the general trend of landslide deformation with R2 = 0.974
and RMSE = 11.218 mm. However, when it comes to the
critical period (from December 2016 to February 2017),
the predicted displacements vary greatly from the
measurements. The maximum APE of the multi-factor
KF is found to be 2.49% in February, while that of the
proposed model is only 1.14%, which reveals that the
developed technique performs better than the multi-factor
KF approach. The random disturbance of external factors
modeled in the proposed technique explains the more
desirable predictions. The comparison revealed that the
prediction performance of the multi-factor KF approach
cannot surpass that of the improved multi-factor KF model,
which yielded higher APE values than our proposed
model. The developed method achieves high accuracy both
in model fitting and prediction (Fig. 8). Hence, this study
reveals that the improved multi-factor KF technique, which
reflects the relationship between the triggers and displace-
ment more accurately and considers the disturbances of the
external triggering factors, is the most promising approach
among the considered models. In addition, highly precise
predictions for the next seven months could be achieved by
using the improved multi-factor KF model without
decomposing the initial data, enabling researchers to
forecast landslide movements more accurately.

3.4 Discussion

In this study, to obtain accurate landslide movement
predictions for landslide risk reduction, a predictive model,
i.e., the improved multi-factor KF approach, was devel-

Table 1 The displacement forecasting performance of improved multi-
factors KF, improved single-factor KF, multi-factors KF, multi-factors
RBF and multi-factors SVR

Models R2 RMSE/mm MAPE/%

Improved multi-factor KF 0.976 4.608 0.7

Improved single-factor KF 0.941 8.405 1.1

Multi-factor KF 0.974 11.218 2.0

Multi-factor RBF 0.899 12.14 2.0

Multi-factor SVR 0.914 36.34 5.24
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oped by considering the random disturbances of external
triggering factors. The original data, consisting of more

than 2 years of Miaodian landslide monitoring data, were
subdivided into a training data set, which was used to
calculate the equation parameters, and a validation data set,

Fig. 6 The total displacement prediction adopting the improved multi-factors KF, the improved single-factor KF, multi-factors KF,
multi-factors RBF and multi-factors SVR models (M-factors means multi-factors, and S-factor means single-factor).

Fig. 7 The APE of the improved multi-factors KF (Improved M-
factor KF), the improved single-factor KF (S-factor KF), multi-
factors KF (M-factor KF), multi-factors RBF (M-factor RBF) and
multi-factors SVR (M-factor SVR) models.

Fig. 8 Fitting and predicting displacement of MD09 using the
improved multi-factors KF.
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which was employed to compare the prediction perfor-
mances of the multi-factor KF approach, improved single-
factor KF technique, and traditional approaches such as the
SVR and RBF methods. The proposed model was verified
based on statistical indices such as R2, RMSE, MAPE, and
APE.
The comparison of the aforementioned models revealed

that the multi-factor KF can also achieve accurate
predictions without considering the random disturbances
of external factors, but inaccurate predictions occur
especially in critical periods, resulting in the risk of
misdirecting the decisions of disaster managers. Conse-
quently, to obtain more accurate predictions, we propose
the improved multi-factor KF with incorporation of
random disturbance of external factors. The numerical
results show that the proposed technique has prediction
capabilities superior to those of the multi-factor KF model.
In addition, as shown in Figs. 6 and 7, the improved

single-factor KF performed worse from March to May
2017, indicating that the improved single-factor KF cannot
simulate the relationship between the deformation and
triggers. Hence, the triggering factors should be considered
for improved performance and accuracy.
Further, it can be seen from Fig. 6 that although the

predictions reflect the general behaviors of the measure-
ments, most of the predictions are smaller than the
measurements. According to the collected geological
data, this trend may be attributable to the influences of
irrigation in winter and seasonal freeze-thaw, which were
not modeled in the proposed technique due to the lack of
underground water data resulting from limited monitoring
conditions. However, even though the performance of the
proposed model is not completely satisfactory since the
effects of these factors (irrigation and seasonal freeze-
thaw) are not included in the model, the overall predictions
of the improved multi-factor KF model are still highly
desirable. The effects of irrigation on slope stability should
be incorporated into the proposed technique for improved
accuracy in the future.
Therefore, there are several aspects of the study that

require improvement. For instance, the responses of the
slope stability to irrigation should be included in the
current proposed model and the horizontal displacement of
station MD09 should be considered further to describe the
sliding tendencies of landslides comprehensively. Further-
more, data with higher resolution, including rainfall,
groundwater, and hydrological-geotechnical data, are
required for more accurate predictions. All these factors
will be addressed in the future and will help improve the
accuracy of the proposed model.

4 Conclusions

Landslide displacement occurs under the mutual effects of
numerous triggers, including the geological conditions,

precipitation, and groundwater level fluctuations. In this
paper, an improved KF approach considering multiple
external triggers was presented for short- and mid-term
landslide movement forecasting. Although the KF techni-
que has been effective for forecasting landslide displace-
ments since it is characterized by the best unbiased linear
estimator, ease of programming, and low memory
requirements, the factors triggering landside deformation
are not considered, leading to poor performance. To
overcome this limitation, an improved multi-factor KF
technique based on the influences of external triggers was
adopted to provide strong function fitting and general-
ization ability for improved accuracy. The model was
established using more than 16 months of monitoring data
from the Jingyang (China) landslide, enabling prediction
of cumulative landslide displacements for periods of up to
7 months without decomposing the original displacements.
Comparison revealed that the developed model performed
better than the improved single-factor KF method, single-
factor KF model, multi-factor KF technique, and tradi-
tional approaches such as the RBF and SVR models when
applied to the study region. The RMSE, MAPE, and R2

values of the proposed approach were found to be 4.608
mm, 0.7%, and 0.976, respectively. Given the random
disturbances of external factors, the improved multi-factor
KF approach can accurately simulate the relationships
between the triggering factors and landslide deformation.
Moreover, the predictions obtained using the proposed
method were found to be stable, which is crucial for early
landslide prevention. Further, the proposed technique can
be constantly updated with new measurements and applied
to other landslide-prone regions, providing reliable
information for early landslide warning systems.
Nevertheless, the effects of variations in groundwater

level caused by irrigation and seasonal freeze–thaw will
play an important role in improving the performance of the
proposed model. Therefore, the exact effects of these
factors will be investigated in future research using the
necessary monitoring equipment. Modeling the horizontal
displacement to comprehensively describe the sliding
trends of landslides will also be considered in the future.
The model developed in this study can be applied to
landslide movements triggered by rainfall; it is not
appropriate for forecasting landslide deformations induced
by internal triggers, earthquakes, or other types of seismic
movements.
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