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Monitoring tilting angle of the slope surface
to predict loess fall landslide: an on-site

evidence from Heifangtai loess fall landslide
in Gansu Province, China

Abstract Due to the huge losses caused by landslides, landslide
deformation monitoring has become essential. The change of the
tilting angle of the slope surface can reflect the instability process
of the landslide. However, there are few studies on the relationship
between the instability process of landslides and the tilting angle
of the slope surface on the time scale. Therefore, there are even
fewer cases in using the inclination angle of the landslide as an
early warning method in practice. On August 24,2018, a wireless tilt
sensor network was deployed in the Heifangtai area of Gansu Prov-
ince in China, to monitor the inclination state of loess landslides to
study the relationship between the tilting angle of the slope surface
and the landslide instability process. At 4 0’clock on October 5,2019,
the wireless tilt sensor network mentioned above detected a new
loess fall landslide. Through the analysis of the monitoring data
from the tilting sensor nodes named T3 and T4, we found that the
tilting angle of the landslide surface in the pre-sliding stage has
significant change compared with the stable stage, which directly
verifies that the inclination data can be used for landslide warn-
ing. At the same time, we inputted the monitored inclination data
into the inclination warning model proposed by Xie et al. (Land-
slides 17:301-312, 2020) for verification and found that the trend of
inclination changes matches the model well. However, the forecast
time error is large. Therefore, this paper optimizes the inclination
early warning model proposed by Xie. Using the optimized early
warning model, the predicted landslide occurrence time based on
the data of the T3 node was 0.517 days, which was about 8 h later
than the actual landslide that occurred on October 4, 2019, which
is an improvement of forecasting. This case serves as an on-site
direct evidence to further verify the feasibility of using the land-
slide body inclination state as a landslide monitoring and early
warning parameter which can be promoted and used in practice.

Keywords: Loess fall landslide monitoring - Tilting angle - Early
warning model - Wireless sensor network

Introduction

Landslides are one of the most common types of geological disas-
ters in the world (Brabb 1991; Nadim et al. 2006). Landslides cause
thousands of deaths and billions of dollars in losses every year
on earth (Robinson and Spieker 1978; Lu et al. 2007). To reduce
the losses caused by landslides, various landslide monitoring
devices are used all over the world to monitor landslides, and many

scholars have also proposed many early warning models (Pecoraro
et al. 2018; Fan et al. 2019).

Aiming at loess landslides monitoring and early warning,
researchers also have done significant works. Peng et al. (2014)
suggested that we should study and explore the technical methods
for high-precision monitoring of single loess landslide disaster
information, and establish a collaborative early warning model that
combines multi-source observation data, different time and space
scales, multiple early warning models, and early warning indica-
tors. Zhao et al. (2016) used small baseline subsets interferometric
synthetic aperture radar technique to detect and monitor the loess
landslide in the southern bank of the Jinghe River, Shaanxi Prov-
ince, China. The multi-temporal InSAR technique has also been
adopted to obtain the loess landslide’s continuous earth surface
deformation with long time scale and wide geographical coverage
(Liu et al. 2016). Xu et al. (2020) studied the theory and method
of monitoring and early warning for sudden loess landside and
given a case study at Heifangtai terrace, Gansu Province, China.
They developed an adaptive intelligent frequency conversion crack
meter to capture the displacement data of the loess landslide when
the deformation suddenly increased. Furthermore, they established
an early warning model based on the displacement rate threshold
and the tangent angle, and successfully warned 6 loess landslides.

However, in the existing literature, there are not many studies
on the tilting-based approach for landslide disaster monitoring
and early warning compared with the above-mentioned moni-
toring methods. Taro Uchimura’s team is working on this prob-
lem; such as, Taro Uchimura et al. (2010) used tilt sensors on the
slope surface to detect abnormal deformation and indicated that
tilt angle can be used for early warning. However, his team did
not develop a landslide mathematical model for early warning of
body inclination data. Taro Uchimura et al. (2015) conducted field
experiments in China and Japan and found that the use of land-
slide body angle data for monitoring and early warning not only
depends on the local landslide conditions but also depends on the
location of the tilt sensors. Unfortunately, no warning model is
given. Based on the model test, Xie et al. (2020) gave a mathemati-
cal model of early warning. The sliding time is determined by the
deformation rate and the B value. Here, B is the angular coefficient
derived from the linear relation between the reciprocal tilting rate
and time by three typical types of laboratory model tests and a
field test.
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In order to monitor the tilting angle of landslide and find the
relationship between the tilting angle with the life expectancy of
the landslide, since August 24, 2018, based on the idea of wireless
sensor networks (Lin et al. 2008), we have established a landslide
body inclination monitoring system in the Heifangtai area of Gansu
Province, China, to continuously monitor the tilting angle of the
slope surface in the region. Based on the monitoring data from
April 5,2019, to October 5, 2019, we carried out (1) analysis of moni-
toring data to verify the practical feasibility of the tilting angle for
landslide warning; (2) calculating the critical sliding time based on
the tilting early warning model that Xie proposed (Xie et al. 2020);
(3) optimizing the existing tilting early warning model in (2) to
improve the timeliness of forecasting.

The remainder of this paper is organized as follows. The “2”
section introduces the system we used in the study area that
includes tilting sensor nodes, the gateway, and the visualization
platform. The “8” section describes the study area. The “9” section
describes the final result of the landslide we monitored, discusses
the data monitored by the tilting sensor nodes, and uses an early
warning model to validate the monitored data. Then, the model is
improved and data analysis is performed. Finally, the conclusions
are presented in the “13” section.

Methodology

This landslide inclination monitoring system can be divided into
three parts: tilting sensor node, gateway, and visualization platform.
The architecture of the entire system is shown in Fig. 1.

GPRS
—— Zigbee
U
A Sensor node
@ Gateway
Cloud

Fig. 1 The diagram of the system structure. The tilting sensor nodes
transmit the monitored data to the gateway node via wireless link
using Zigbee protocol (2.4 GHz). The gateway node sends the data
to the visualization platform via GPRS. Of course, the commands are
issued through the opposite link. That is, the visualization platform
sends the commands to the gateway, and then the gateway for-
wards the commands to the tilt sensor nodes
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Fig.2 Block diagram of the tilting sensor node

Tilting sensor node

Through the tilting sensor nodes, we can get the tilting angle of
the slope surface. The structure of the tilting sensor node is shown
in Fig. 2.

As shown in Fig. 2, the tilting sensor node is comprised of five
components. The main component is the Micro-Controller Unit
(MCU). The calendar Integrated Circuit (IC) which provides the
time information is connected to the MCU via Inter-Integrated Cir-
cuit (I2C) bus. The tilt sensor samples the tilting angle and trans-
mits it to the MCU through the Serial Peripheral Interface (SPI)
bus. All the components are powered by the 19Ah industrial battery.

With the development of the Micro Electro Mechanical System
(MEMS) technology, sensors can be made smaller and lighter. In
this paper, we use the MEMS-based tilt sensor (SCA100T-Do1 and
its measurement range is +30°). The tilting sensor node contains
an Application Specific Integrated Circuit (ASIC) and a silicon sen-
sitive micro capacitance sensor. The ASIC circuit is composed of
memory, signal amplifier, analog to digital converter, temperature
sensor, and SPI interface, which forms a completely digital applica-
tion tilt sensor.

The tilting sensor node is shown in Fig. 3d, and its reading refer-
ence diagram is shown in Fig. 3a-c.

(a) (b

(c) (d)
— B—’ B_- =
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Reading Increasing Reading Decreasing
Toward -10°

Toward +10°

Reading Close Tilt sensor

to 0°

Fig.3 (a-c) Readings of tilt sensor node. (d) Image of tilt sensor node



Table 1 Parameter

Equipment type Inclination sensor node Gateway
specifications of the tilt sensor
node and gateway Size 80X 75%57 mm 180% 140 x 60 mm
Standard wireless interface 2.4 GHz Compatible with
2G/2.5G/3G/4G (micro
SIM card)
Weight 0.43 kg <2.0kg
Protection level IP66 IP66
Working temperature range —40to 80 °C —40to 80 °C

Gateway

As the hub connecting the tilting sensor node and the visualization
platform, the gateway plays an irreplaceable role. The role of the
gateway is reflected in two aspects. One is to gather the on-site tilt
node data through 2.4-GHz radio frequency waves; the other is to
transmit the aggregated data to the visualization platform through
the GPRS communication link for long-distance inclination state
monitor of the slope surface.

The parameter specifications of the tilting sensor node and gate-
way are shown in Table 1.

Visualization platform

As a platform for interacting with customers, the system visualiza-
tion platform should be able to select projects, view data, down-
load data, issue early warnings, and issue instructions to the sensor
nodes in the system, as shown in Fig. 4.

Fig.4 Images of visualization
platform: (a) project selection,
(b) node display, (c) data dis-

play, (d) sending instruction v

User Project Local Time Zone

UTC+0800

ELLR DR

HABEARORNGG Bosic Information | | Node Information 149

Time of Creation | 2018814171510 | | 10048.-Gw

Time Zone UTC+0800 | [ 13025

1F06-D33-2T

(a) Project selection

Figure 4a is the project selection interface of the visualization
platform, in which users can choose their projects. After entering
the project, users can view the battery voltage, temperature, tilting
angle data, and network parameters of each node (Fig. 4b). At the
same time, the platform also has a data graphing function, in which
customers can directly view the trend of monitoring parameters on
the platform, as shown in Fig. 4¢c. In addition, customers can give
orders to all nodes in the project on the platform, such as modify-
ing the data collection time and network access threshold (shown
in Fig. 4d).

Study area

On August 24,2018, we deployed the landslide inclination monitoring
system in the Heifangtai area of Gansu Province, China, to monitor the
tilting angle of the slope surface. Heifangtai is located in the Liupanxia
Reservoir area, Yongjing County, Gansu Province in Northwest China,
which is 45 km away from Lanzhou City and 20 km away from Yongjing
County. The location of the Heifangtai region is shown in Fig. 5a.

(c) Data display

(d) Sending instruction
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Fig.5 (a) The location of the Heifangtai region. (b) The location of the Dangchuan section in the Heifangtai region

The Heifangtai region was once an uninhabited dry platform, number of landslides around the platform edge (Qi et al. 2018),
and the long-term pumping water and irrigation for the crops and seriously endangered the sustainable development of the local
on the platform broke the ecological environment balance of the = economy and the safety of nearby villagers.
region (Qi et al. 2016) which changed the geological environmental Based on field survey and experimental data, the loess belongs to
conditions. Due to the water content sensitivity of the loess itself,a  Malan Loess (Q_3/eol), and its physical and geotechnical proper-
large amount of Yellow River water irrigated on the platform caused  ties are shown in Table 2.
the platform to collapse and crack. Therefore, it induced a large

Table2 The physical and Parameter Symbol Unit Value
geotechnical properties of the
loess Dry density Py g/cm? 1.41
Natural density p g/cm? 1.65
Specific gravity G g/cm? 2.72
Natural water content w % 16.9
Void ratio e = 0.93
Plastic limit Wp % 15.8
Liquid limit w, % 28.2
Plasticity index IP % 12.4
Horizontal permeability K, mm/day 154
Vertical permeability K, mm/day 218
Grain size distribution <0.005 mm % 17.39
0.005~0.075 mm % 79.79
>0.075 mm % 2.82
Shear strength Natural state c kPa 50
D ° 23
Saturated state c kPa 9
2] ° 7
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As shown in Fig. 5b, the Dangchuan area is located on the edge
of the southwest plateau of Heifangtai, and two tilting sensor nodes
are deployed in the Dangchuan area. Figure 6 shows the installation
location of tilting sensor nodes named T3 and T4.

Results and discussion

Heifangtai loess fall landslide summary

At 4 o’clock on October 5, 2019, a loess fall landslide occurred in
the monitoring area. The scope of the landslide and its scene are
shown in Fig. 7. The failure source area is 58 m long and 107 m
wide, and the displaced material travelled 355 m (horizontal dis-
tance). The total volume of the landslide is approximately 40,000
m?, and the two tilting sensor nodes (T3 and T4 marked as white
triangle) have detected significant inclination changes of the slope
surface.

Fig. 7 Images of the landslide. (@) The remote sensing image before
failure. (b) The remote sensing image after failure

A: Factory building

g

Based on the investigation and summary of the same type of
landslide in the study area, the failure mode map of this kind of
landslide can be drawn as Fig. 8. Firstly, under the influence of pre-
vious landslide in 2014, the landslide produced a large number of
unloading crown cracks. Secondly, with the effect of self weight,
the crack expands downward, which makes the crown gradually
produce steps and produce a certain angle of ground surface tilt.
According to the installation mode of tilting sensor nodes, the
increase of tilting angle indicates that the slope is gradually leaned
back down, which conforms to the shape of the surface of rupture.

Figure 9 shows the data from two tilting sensor nodes (unit: °).
The angle monitored by the T3 node has increased from 0.415 to
0.882° (Fig. 9a), an increase of 0.467°. The angle monitored by the
T4 node increased from 0.691 to 1.861° an increase of 1.170° (Fig. 9b).

The angle values monitored by the two tilting sensor nodes have
detected significant changes in the landslide body 5 days before the
occurrence of the landslide. In these five days of the landslide, the
angle of the T3 node changed by 0.346° (0.882°— 0.536° = 0.346°),
accounting for 74.09% of the total change (0.346°/0.467° X 100%
=74.09%); the angle monitored by the T4 node changed by 0.855°
(1.861° —1.026° = 0.855°), accounting for 73.08% of the total change
(0.855°/1.170° X 100% = 73.08%). And it can be seen from Fig. 9 that
the closer the critical sliding time, the greater the angle change.
Therefore, it is feasible to use the inclination state of the slope sur-
face as alandslide early warning parameter according to the quali-
tative analysis of the monitoring data.

It should be mentioned that the tilting angle from the T3 node
is highly oscillating (Fig. 9a). This is because the sensor node is
installed on the acrylic plate and only fixed on the surface of the
landslide. Reading is affected by the deformation of the acrylic
sheet, which is caused by the large temperature difference between
day and night in the monitoring area. In addition, the other envi-
ronmental factor, especially rainfall, may cause local deformation
of the loess around the sensor node, resulting in data shaking that
cannot be filtered out. In order to overcome this limitation, we can
choose a more robust pallet to fix the angle sensors. Besides, we can
fix the sensors with the long rod embedded into the loess to reduce
the influence of rainfall.
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Monitoring data analysis

In this case, we select the data from 2019/4/5 to 2019/10/5 for analy-
sis. Figure 10 shows the inclination state of the slope surface and
the rate of inclination change (unit: °/day).

It can be seen from Fig. 10 that the two tilting sensor nodes have
detected abrupt changes in the tilting angle of the slope surface,
and the rate of change of the tilting angle monitored by the T3 node
increased from o to 0.13°/day (Fig. 10c). The rate of change of the
tilting angle monitored by the T4 node increased from o to 0.365°/
day (Fig. 10d). Especially in 2019/10/2 and later, the tilting angle
change rate of the T3 node changes from 0.028 to 0.069°/day in
2019/10/3, and the tilting angle change rate of the T4 node changes
from 0.068 to 0.177°/day on October 3, 2019, and then on October 4,
2019, the rate of change of the T4 node sharply increased to 0.365°/
day, and the rate of change of the T3 node sharply increased to
0.132°/day.

From the above analysis, it can be seen that the inclination data
monitored by the two tilting sensor nodes show a different rate of
change during the critical sliding period than the past. Therefore,
it is effective in practice to use the inclination state of the slope
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Fig. 10 (a) The tilting angle of the T3 node. (b) The tilting angle of the T4 node. (c) The tilting speed of the T3 node. (d) The tilting speed of

the T4 node

surface as a warning parameter. This case serves as an on-site direct
evidence to further verify the feasibility of using the slope sur-
face inclination state as a landslide monitoring and early warning
parameter.

Critical sliding time calculating

Xie et al. (2020) proved the feasibility of tilting angle for land-
slide warning through a series of experiments and proposed a
method to predict the occurrence of slope failure. However, the
method was just validated in the laboratory but not in the actual
landslides. In this case, we choose the model that the literature
(Xie et al. 2020) proposed for landslide early warning forecasts.
In the paper mentioned above, the linear correlation between
the reciprocal tilting rate and time in the acceleration stage of
tilting is shown as Eq. 1.

-t 1
Sm=sad 1)
|[d6| B B
where L is the inverse number of tilting rates, and ¢ means time.

1d0|
Bis the angular coefficient derived from the linear relation between

the reciprocal tilting rate and time. #; represents the slope failure
time. Xie et al. gave a suggested range for the value of B: [0.5,1.99]
from their calculations. To simplify the calculation, we can get Eq. 2.

% -t;=B (2)
where % means the tilting rate (in °/day) and ¢, represents the
duration (in day), which indicates the critical sliding time of the
landslide. It can be seen from Eq. 2 that when @ is a certain value,
the larger the value of B, the larger t,. In this case, we first take the
minimum value of 0.5 for calculation. Figure 11 shows the change of
life expectancy and the tilting rate over time when B is 0.5.

The tilting rate of the T3 node on 3 October 2019 is 0.069°/day.
The corresponding life expectancy is 7.235 (day). Furthermore, the
tilting rate of the T3 node on 4 October 2019 is 0.132°/day. The cor-
responding life expectancy is 3.778 (day). Similarly, the tilting rate
of the T4 node on 3 October 2019 is 0.177°/day. The corresponding
life expectancy is 2.826 (day). Furthermore, the tilting rate of the
T4 node on 4 October 2019 is 0.365°/day. The corresponding life
expectancy is 1.371 (day).

It can be seen from Fig. 11b that the landslide instability time
was 1.371 days, or 32.904 h according to the data monitored by the
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Fig. 11 The tilting rate and the life expectancy predicted based on (a) the T3 node and (b) the T4 node

T4 node, on 2019/10/4. However, the landslide occurred at 4:00 on
October 5, which was about 29 h away from the predicted time. The
landslide instability time error obtained from the data monitored
by the T3 node is even greater. As shown in Fig. 11a, the landslide
instability time was 3.778 days on 2019/10/4, which is 90.672 h. It is
about 86 h away from the predicted time. However, the value of B is
already at a minimum value of 0.5, and B has a positive correlation
with the warning time. If the value of B is larger, the error will be
even larger, as shown in Table 3.

Although the time trend predicted by the above model is con-
sistent with the actual situation, the error is relatively large accord-
ing to the analysis above. Therefore, we need to have a try to opti-
mize the early warning model.

Tilting angle early warning model optimization

It can be seen from Fig. 11 that for different locations of the same
landslide, the deformation rate is different, and the B value should
also be different. Since the value of B is different for different
landslides, the value of B should be related to the historical incli-
nation changes monitored at a specific monitoring point of the
landslide.

Table 3 The relationship between B value and warning time

T3 life expectancy T4 life expectancy T3 life Ty life
(day) (day) expectancy  expectancy
difference difference
(day) (day)
0.5 3.778 1.371 3.611 1.204
0.8 6.060 2.192 5.893 2.025
1.1 8.333 3.014 8.166 2.847
1.4 10.606 3.836 10.439 3.669
1.7 12.879 4.658 12.712 4.491
1.99 15.076 5.452 14.909 5.285
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When the inclination deformation rate is larger than twice
the previous average rate or there is an unprecedented maxi-
mum rate, the landslide is considered to be in a state of criti-
cal sliding (Yue 2014). For example, it can be seen from Fig. 10
that on October 1, 2019, the landslide entered the critical sliding
stage. It can be seen from Fig. 11 that before the occurrence of
the landslide, the angle increased multiple (2 to 3) times. There-
fore, we change the value of B in Eq. 2 to C - V,, in which Vj is
the initial speed of the acceleration phase and C is a constant,
to obtain Eq. 3:

_C-v
ta= do (3)
dt

In this case, we take C equals to 4, the V value of the T3 node
equals to 0.017,and the V|  value of the T4 node is 0.035 to get Fig.12.
It can be seen from Fig. 12 that after adjusting the value of B, the
error of t, is reduced. At the same time, the value of B can reflect the
characteristics of the inclination change of each specific monitor-
ing point, making the life expectancy predicted difference by each
monitoring point smaller and more accurate.

As shown in Fig. 13, On October 3, 2019, the life expectancy pre-
dicted based on the T3 node was 0.989 days in the optimized model
proposed in this article and the life expectancy predicted based
on the T4 node was 0.792 days. In the unoptimized model, the life
expectancy predicted based on the T3 node was 7.235 days and the
life expectancy predicted based on the T4 node was 2.826 days.
Moreover, on October 4, 2019, the life expectancy predicted based
on the T3 node was 0.517 days, and T4 node-based was 0.384 days in
the optimized model. In the unoptimized model, the T3 node-based
life expectancy was 3.778 days and the T4 node-based life expec-
tancy was 1.371 days. The above data analysis shows that compared
with the existing early warning model, the life expectancy predicted
by the optimized model is closer to the actual sliding time.

In addition, the life expectancy predicted based on the two mon-
itoring points has relatively large differences in the unoptimized
model (Fig.14).
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S 6 In this study, we deployed the wireless tilting sensor network to
et 4.409 monitor the tilting rate of the Dangchuan section in the Heifangtai
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Fig. 14 Life expectancy difference based on the T3 and T4 nodes

angle tilting. Thus, it is feasible to use tilt angle change as a land-
slide warning parameter.
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Furthermore, we used the monitoring data to verify the tilting
angle early warning model that Xie proposed, and found that the
early warning time in his model was much longer than the landslide
occurrence time, the early warning time range was too large, and the
early warning was not timely enough. In this article, we optimize
B value in the model proposed by Xie so that B contains the rate
change characteristics of the acceleration phase of the landslide at
the monitoring point. By substituting the monitored data into the
optimized model, we found that the optimized model can shorten
the early warning time range. In addition, the early warning time of
different monitoring points is more consistent, which improves the
timeliness of early warning. Therefore, it is proved that the tilting
angle can be used for early warning at actual landslide sites.

It should be pointed out that this method still has some limita-
tions and needs to be improved.

(1) In this case, we only deployed two tilting sensors to obtain
the loess landslide surface tilt change. The monitoring data is lim-
ited in spatial scale. So we cannot give a conclusion that tilting is
induced by the sliding kinematic or by wetting-induced pre-failure
deformation. In order to find this answer, we need to deploy more
tilting sensors to establish a wireless tilting sensor network.

(2) The readings of the tilting sensor nodes, in this case, cannot
correlate with the possible slip surface. In order to make the tilting
state correspond to the sliding surface, it is necessary to install incli-
nation sensors on different sliding surfaces in the landslide body for
measurement. In order to maintain the effectiveness of the method
proposed in this paper, we need a wireless underground communi-
cation technology to establish a wireless data link for angle sensor
nodes in different formations (Wang et al. 2021), and a large amount
of angle data is used to judge the potential slip surface.
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