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On August 8, 2017, an earthquake of magnitude 7.0 on the Richter scale occurred in Jiuzhaigou, Sichuan, causing signiﬁcant damage to
both life and property. Traditional geological hazard investigation is diﬃcult in Jiuzhaigou because of the high altitude, the high-altitude
canyons, and the vegetation-covered seismic areas. This study explores the technical advantages of using airborne LiDAR technology to
penetrate vegetation and gather information directly from the surface, rapidly acquiring airborne 3D point cloud data in diﬃcult areas.
Through the preprocessing of data, the high-precision digital terrain and landform results were obtained. Comparative research found that
the DEM obtained by high-precision airborne LiDAR technology has signiﬁcant advantages in terms of the accuracy, details, and
microgeomorphology of the data collected. The results can be directly used in the early identiﬁcation of disasters, such as during the initial
collapse or for disaster management. Studies have shown that airborne LiDAR has the technical advantage of penetrating vegetation to the
surface and can, therefore, be used to guide the early identiﬁcation and management of geological disasters in similar areas in the future.

1. Introduction
Rockfall hazards are phenomena that commonly occur in
mountainous regions [1–3]. During a rockfall, a solid body
composed of rock and soil moves under the action of
gravity, rolling, bouncing, and falling down a slope.
Lithological conditions, geological formations, topography,
earthquakes, precipitation, and improper engineering are
all important factors that trigger rockfall [4, 5]. In many
countries, rockfall hazards generate signiﬁcant annual
losses to property and human life compared to other types
of natural hazards; more attention has therefore been paid
to this type of hazard [6–10], especially in areas that lie
along mountain roads and some railways, where rockfall
hazards are a district danger.
In recent years, extreme weather has become more
frequent, engineering activities have continued to intensify,

and the impact of strong earthquakes has continued to aﬀect
mountainous regions, causing abrupt and unexpected
geological disasters in these regions [11]. Jiuzhaigou in
Northwest Sichuan is characterized by mountains of high
altitude and has endured a series of strong earthquakes, such
as the Wenchuan and Lushan earthquakes which shattered a
considerable number of high-altitude rocks and cracked
much of the slopes on the mountainside. Fractures that
subsequently developed in these rocks led to a substantial
increase in the amount of material present that was likely to
lead to hazards. The Mw 7.0 Jiuzhaigou Earthquake that
occurred on 8 August 2017 led to approximately 300 rockfall
events, causing 25 deaths in 8 counties, with 525 injured and
6 missing. A total of 176492 people (including tourists) were
aﬀected to varying degrees, 73671 residential properties were
damaged, and the destruction covered a total area of
18295 km2 [12, 13].
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Faced with the severe challenge from natural disasters,
humanity needs to reﬂect on the impact that the current
lifestyle has on the environment [14, 15]. Signiﬁcant
amounts of eﬀort have been focused over the last twenty
years on predicting the mechanisms that trigger rockfall
hazards, including the spatial and temporal distributions
and the consequences [16–21].
As a result, several techniques that can be used for
mapping rockfall susceptibility, hazard, and risk have been
developed and applied in diﬀerent geographic areas [22–24].
Airborne laser radar technology and the ﬁrst 3D rolling
stone/rockfall process model that has been integrated with the
GIS environment were mainly used in this study for identiﬁcation and evaluation, to improve rockfall hazard studies for
Jiuzhaigou environmental management and to improve rockfall
susceptibility mapping and analyses. Remote sensing geological
disaster interpretation technology, airborne laser radar digital
terrain analysis technology, GIS data processing technology, and
image morphology analysis were combined with ﬁeld investigation to evaluate the most serious threats from rockfall and to
identify the source area of rockfalls. Combining the quantitative
evaluation model of rockfall frequency, speed, and height with a
quantitative analysis of the physical rocks that have fallen, the
realization of the rolling stones/rockfall three-dimensional
physical deterministic process model and probability statistics
model are combined to improve predictions of the risk of
disaster in the Jiuzhaigou National Park.

2. Study Area
Jiuzhaigou is located between the Qinghai-Tibet plateau and
the Sichuan basin in a mountain transition zone (100°,
30–104° 27 ′ north and latitude 30°, 34–35° 19 ′) and is a
world natural heritage site, national key scenic area, national
5 A-class tourist scenic area, and a national geological park.
The mouth of the Jiuzhaigou River is only 2000 m above sea
level, while the central peaks in this region are at heights
above 4000 m and the southern margin is over 4500 m.
Original forest covers 80% of the valley [25–28].
The 2017 earthquake not only caused casualties and
property loss, but it also led to geological disasters and
problems in the ecological balance that still aﬀect some areas
such as the famous Panda Sea, the Five Flower Lake, some
waterfalls, and other parts of the landscape that suﬀered serious
damage. The vertical topography of Jiuzhaigou changed signiﬁcantly, and natural disasters and geological hazards such as
landslides, rockfalls, and wide-scale ﬂows of debris threatened
the entire 651 km2 of the National Park of Jiuzhaigou, with the
formation of more than 30 gullies containing ﬂows of debris.
Geological disasters have tended to be dominated by
debris ﬂow since 1980, with 10 major mudslides occurring
from 1980 to 1985, and another large mudslide in 2003
[29, 30]. The earthquake on 12 May 2008 in Wenchuan had a
signiﬁcant impact, causing many secondary geological disasters, and serious safety hazards have remained in several
areas. A comprehensive geological survey of Jiuzhaigou
National Park was carried out in early 2010, and more than
50 locations were identiﬁed at which geological hazards are
likely to happen [31, 32]. Earthquakes that reach 8.8 on the
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Richter scale are therefore likely to aggravate the risk of
geological disaster in Jiuzhaigou, constituting a threat to the
ecological environment, landscape, roads, residential areas,
river systems, and the safety of tourists that severely restricts
both the tourism and the development of the economy in
Jiuzhaigou (Figure 1).

3. Materials and Methods
Figure 2 is a schematic diagram of the proposed methods. It
consists of three major components: (i) the acquisition of
LiDAR data and preprocessing, (ii) the identiﬁcation of the
rockfall source area via digital terrain analysis using techniques such as morphometry, topography, remote sensing
geology, 3D GIS technology, and human-computer interactive interpretation, and (iii) the analysis and assessment of
rockfall hazards.
3.1. Spatial Modeling and Advantages of LiDAR Technology.
RockFall Analyst is the ﬁrst 3D rolling stone rockfall process
model that is fully integrated with the GIS environment,
combining the rolling stone/rockfall 3D physical deterministic
process model with a statistical probability model to improve
the accuracy of disaster risk analysis. Two major steps are
utilized by Rockfall Analyst. First, a 3D dynamic model uses
physics to calculate and predict the 3D trajectory of rolling
stones and falling rocks, accompanied by information concerning the velocity, the dynamic processes that occur during
ﬂight through the air, collision, rebound, rolling, and sliding.
Secondly, the rolling stone and rockfall disaster space grid
analysis model is initiated, converting the information about
the falling rocks and the velocity that was obtained in vector
format during the ﬁrst step into a grid format that can be used
to better relay spatial information concerning the elements of
the disaster. Statistical software, the adjacent domain analysis
technique, and methods that estimate the surface smoothness
are then utilized to predict the spatial distribution of the various
elements of rockfall, including the frequency, potential energy,
and the three main elements of kinetic energy.
Airborne LiDAR includes a position measurement
system, an attitude measurement system, a 3D laser scanner
(point cloud access), equipment for gathering images such as
3D laser scanner active laser beam, by which precise information about the target such as distance, slope, roughness, and reﬂectance can be obtained from the returning
laser pulse, and a digital camera, which is used to acquire the
digital image of the target. Subsequent processing of the
information gathered with airborne radar can generate 3D
laser point clouds with true color (or ground reﬂection
intensity). Compared to traditional photogrammetric
techniques, airborne LiDAR not only provides high-resolution, high-precision two-dimensional images of the topography and landform but also uses multiple echo
techniques that can penetrate ground vegetation, eﬀectively
removing the inﬂuence of surface vegetation via a ﬁltering
algorithm to obtain accurate data concerning ground elevation. As a result, LiDAR technology is usually used in
situations where high mountains are covered by substantial
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Figure 1: The map of study area. The red dotted box is the scope of the study area, where vegetation damage caused by the earthquake caused
a collapse, threatening the road directly below.

amounts of vegetation, eﬀectively eliminating the eﬀects
produced by the presence of vegetation and providing a true
picture of the ground. LiDAR is therefore useful for identifying potential geological hazards in areas with substantial
amounts of the mountain vegetation, especially for identifying ancient landslides (Figure 3), or areas where earthquakes have led to the shattering of rocks and caused minor
rockfalls without accompanying landslides.

3.2. LiDAR Capturing and Processing. Measurement using
remote sensing geological airborne LiDAR technology has
been ongoing in Jiuzhaigou since September 2017. The ﬁrst
phase of the data was acquired during September 2017 with
Mi-171 helicopters carrying the Leica ALS80 airborne LiDAR system ﬂying at an altitude of 1400 m at 150 km/h,
using a laser pulse frequency of 100 kHz, a point cloud
density of 20 points/square meters, and an image resolution
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Figure 3: Comparison of an optical image and airborne LiDAR data. (a) Orthophoto map for disaster interpretation. (b) Shadow map of the
same mountains in which vegetation has been ﬁltered out based on laser point cloud data.

of 0.05 m. Through LiDAR strip adjustment, point cloud
denoising, ﬁltering, classifying, and the construction of a
triangulated irregular network (TIN), a digital elevation
model (DEM) with a horizontal resolution of 1 m and a
vertical accuracy of ±20 cm was generated from the highresolution-based ground LiDAR point data. A coarser DEM
with a resolution of 30 m (30 m DEM) was provided for
comparison by the Geospatial Data Cloud site, Computer
Network Information Center, Chinese Academy of Sciences
(http://www-.gscloud.cn). Comparison found that the highresolution DEM was capable of providing more detailed
geological hazard prediction from information concerning
the characteristics of precursors such as physiognomy,
gullies, steep cliﬀ scarps, the presence of clastic rocks, and
other associated information (Figure 4).
3.3. Fine Processing Based on the Geological Hazard Remote
Sensing Survey. The accuracy of recognizing and evaluating
rockfall hazards is directly proportional to the mathematical
accuracy, point cloud density, and quality of the LiDAR data.
In the process of denoising and ﬁltering point clouds,
classiﬁcation, modeling, and the production of a DEM, only
one original laser point per m2 is provided with traditional
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Figure 4: Comparison of the 1 m resolution DEM from LiDAR and
the 30 m AsterGDEM DEM terrain proﬁle data.

mapping in accordance with conventional criteria such as a
1 : 2000 scale, and only four original laser points are produced on a scale of 1 : 1000. Although this can meet the
requirements for surveying and producing topographic
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maps, it is far from adequate for the interpretation of reﬁned
geological hazards. The original point cloud was ﬁltered to
remove the true surface point clouds retained by vegetation,
which could not meet the requirements for the extraction of
information pertaining to disaster precursors. On the other
hand, if the laser point cloud density is higher, the penetration rate is stronger, and more ground points are obtained
through automatic ﬁltering and manual intervention,
meaning that topographies can be attained in ﬁner detail,
which is more conducive to the extraction of information
concerning disaster precursors and the demarcation of the
source area of materials for potential rockfall disasters. The
classiﬁcation algorithm based on laser echo frequency, point
cloud elevation, and the use of the nadir to extract ground
points were, therefore, used in this study. By fully integrating
the advantages of the above algorithms, more detailed
textures can be obtained for the interpretation of geological
hazards. Figures 5(a) and 5(b) show a comparison of the
same image before and after improvement.
3.4. Identiﬁcation of Rockfall Based on Digital Terrain Analysis
Techniques. The identiﬁcation of the source area for material that is involved in rockfall disasters is divided into two
steps. The ﬁrst step was to use information concerning 100
known rockfall points that were obtained by the geological
survey department from 1998 to 2017 as the dependent
variable. The location of the above historical disaster points
was identiﬁed via superposition of spatial positions, and the
potential for further rockfalls was analyzed using highprecision data from airborne LiDAR, identifying new source
areas. It was found by statistical analysis that rockfalls that
occur in Jiuzhaigou have the following characteristics.
Rockfall hazards occur most often in approximately 3000
areas that are close to roads, indicating a close relationship
between rockfall and construction. Secondly, there is a rapid
upward trend in the probability of rockfall on slopes that are
greater than 45°. Figure 6(a) presents a 3D interpretation
scene of collapse geological hazard potential constructed
using 0.5 m optical remote sensing image data and 1m DEM
data. Figure 6(b) describes the use of image recognition
algorithm to extract the collapse hazard potential range
based on 0.5 m disaster remote sensing image data, based on
which postearthquake disaster rapid statistics can be carried
out. Figure 6(c) focuses on the collapse geohazard potential
hazard detection using the mountain shading technique of
digital terrain analysis. As (1) shows [33], disaster potential
hazard detection analysis from diﬀerent viewpoints is realized by changing the solar altitude angle and azimuth
angle. Figure 6(d) illustrates the application of slope analysis
based on digital terrain technology, which can circle the high
side slopes greater than 50 degrees based on slope analysis.
Figure 6(e) indicates the terrain compactness analysis, which
is also one of the digital terrain analysis techniques, and can
provide a reference basis for the identiﬁcation of the development range of the collapse hazard potential. Figure 6(f )
demonstrates the topographic relief analysis, which can
analyze the structure of large rock masses and is valuable for
deﬁning the scope of landslide hazards.

5
Hillshade � 255.0 ∗ [Cos(Zenith_rad) ∗ Cos(Slope_rad)
∗ Sin(Zenith_rad)
∗ Sin(Slope_rad)
∗ Cos(Azimuth_rad − Aspect_rad)].
(1)

3.5. Modeling Procedure. The simulation and prediction of
rockfall hazard can be carried out when the high-risk areas
of rockfall hazard are analyzed comprehensively using
digital terrain analysis and three-dimensional visualization
technology combined with historical data concerning
geological disasters. To further examine the eﬀect of topography on rockfall behavior, simulations using DEMs
with resolutions of 1 m, 12.5 m, and 30 m were carried out
(Figure 7. These simulations included the initial detachment and fall of the rocks and the subsequent bouncing,
rolling, sliding, and deposition. Raster images of rockfall
spatial frequency, the height of airborne rocks (potential
energy), and kinetic energy were provided based on the
trajectories and velocities produced by the 3D rockfall
simulations. The resolution of each raster image is the same
as that of the input DEM. The simulation of the rockfall
processes described above using the DEM from the LiDAR
survey was repeated using the 30 m DEM. Using the raster
modeling function in Rockfall Analyst, rockfall trajectories
were calculated for each grid cell, each of which covered an
area of 1 m2. Spatial geostatistical techniques were
employed to analyze the trajectories and determine the
rockfall spatial frequency for the whole study area. Comparison of the 1 m, 12.5 m, and 30 m DEM data indicated
that the simulation of the falling path gradually became
more linear and the curvature gradually decreased at lower
resolutions, whereas the falling rocks were aﬀected by all
variations in topography at a resolution of 1 m, reﬂecting
the linearity of the simulation under the inﬂuence of the
gravity drop shape process, and verifying the advantages of
using high-resolution airborne LiDAR data.
Finally, the potential impact of rockfalls on the Jiuzhaigou area was evaluated using the ﬁnal rockfall hazard
map which takes all available raster layers into account.

4. Results and Discussion
4.1. DEMs with Diﬀerent Resolutions Are Completely Diﬀerent
for Predicting Disasters. Historical rockfall data were combined with digital topography, high-resolution orthophoto
images, and 3D visualization to obtain the source of the
rockfall in the study area. As shown in Figure 7, DEM data
with diﬀerent resolutions corresponding to identiﬁed potential rockfall points were used to simulate the rockfall and
the path taken by these rocks. It was found that the rolling
stone path simulated by DEM at an accuracy of 30 m is
almost straight down the slope of the mountain, and the
falling speed is particularly fast, reaching 95 m/s. The inﬂuence of topography can be ignored. When DEM precision
is increased to 12.5 m, the simulation is better, the rolling
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speed is signiﬁcantly less than that observed in the 30 m
DEM simulation, and the falling rocks are airborne for
signiﬁcantly longer periods than seen using 30 m DEM.
This result shows that the accuracy of the terrain used for
predicting the eﬀects of simulated rockfall disasters is of
signiﬁcant importance. When DEM accuracy is increased to
1 m, it can be seen from Figure 7(a) that the track of the
falling rocks is signiﬁcantly aﬀected by changes in the topography. It can be seen from the ﬁgure that the falling rocks
follow an obvious “S” shaped path, and the speed of the fall is
also signiﬁcantly reduced. It is also evident when observing
Figure 7(a)′ that the rocks are airborne for even longer
periods, which is due to the inﬂuence of microgeomorphology. When the range of a dangerous rockfall is
identiﬁed, it is, therefore, apparent that the path, speed, and
height of the rockfall can be accurately simulated based on
topographic and geomorphic data, which plays a very important role in the comprehensive assessment of geological
safety along mountain roads.
4.2. High-Precision Airborne LiDAR Data Is More Practical.
We used 5 ∗ 5 grids to calculate the slope and slope direction
based on digital terrain analysis. Digital elevation models
with resolutions of 30 m, 12.5 m, and 1 m were used to carry
out the risk assessment of the rockfall disaster.

Frequency, height, and energy raster layers were used to
set the hazard class numbers. The comprehensive weight
factor method was used to evaluate the risk level of the
rockfall disaster. The spatial frequency distribution of the
falling stones was obtained from the dynamic simulation of
the paths of falling rocks, which was the most critical factor
in rockfall evaluation. The weight was set at 0.5.
At the same time, physical parameters such as rock mass
can be estimated based on the scope of the material source area,
and the gravitational potential energy contained in the material
source area can be obtained indirectly. Greater amounts of
potential energy are contained in larger rocks, with greater
threats to nearby slopes, roads, and other forms of infrastructure. Therefore, the weight factor of rock energy was set at
0.3. Finally, the height of the rockfall source area is also an
important factor. The higher the location of the rockfall source
area, the greater the force generated by impact, and the more
serious the threat to the slope and road, so the weight was set at
0.2. Using the above steps, diﬀerent rockfall disasters were
obtained and shown according to these categories. Images
demonstrating the ﬁnal evaluation are shown in Figure 8.
4.3. Disaster Simulation and Actual Analysis. As shown in
Figure 8, the collapse disaster image is a 0.5-meter image
taken after the earthquake disaster, which can clearly
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Figure 9: Field validation at points A and B shows that 1m DEM data constructed by high-precision airborne LiDAR is more valuable for
collapse risk analysis than DEM data of 12 m and 30 m.

identify the threat range caused by the collapse disaster. We
overlay the threat range and the DEM assessment results of
1 m, 12 m, and 30 m resolution. Study found that 1 m resolution DEM evaluation of disaster threat range proﬁle is
more close to the actual situation, the simulation of the
rolling stone path and vegetation breakage also conforms to
the disaster situation, the scope and the threat of collapse
disasters threat range Rolling Stones ﬁt degree can reach
more than 90%, and the eﬀect of 12-meter DEM analysis is
clearly “enlarge eﬀect.” However, the simulation eﬀect of
30 m DEM basically “has no reference value.” Therefore,
high-precision DEM has high value in actual disaster
analysis.

4.4. Field Validation. Through laboratory experiments, we
have preliminarily concluded that high-precision remote
sensing image has decisive value for the risk assessment of
collapse disaster. In order to further verify the experimental
conclusions, we adopted ﬁeld investigations to verify them.
Figure 9(a) shows Heye Village in Jiuzhaigou scenic spot. We
matched the hazard assessment vector range of 1 m, 12 m,
and 30 m rolling stones with the longitude and latitude
coordinates of the ﬁeld. Through ﬁeld inspection, most of the
collapse disasters occurred within the range of 1 m DEM
hazard assessment, as shown in the ﬁgure, and disaster
prevention measures have been taken in area A. Similarly, at
point B, the resolution assessment range of 1 m DEM is the
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closest to the actual situation, and the veriﬁcation shows that
it is the collapse disaster zone now. However, the predicted
disaster range of 12 meters and 30 meters is obviously larger
than the actual disaster range. It is found that the predicted
area of 12 meters and 30 meters is covered by high vegetation
currently, and no collapse disaster has occurred. Therefore,
the above veriﬁcation further proves that the collapse disaster prediction method constructed by high-precision
airborne LiDAR is reliable and practical.

5. Conclusions
Rockfall is a natural phenomenon, but when it poses a threat
to human life, the environment, roads, railways, or important support slopes, it becomes a hidden danger that
must be considered. Scientiﬁc and reasonable assessment
methods are, therefore, needed for comprehensive risk
analysis. Traditional scientiﬁc evaluation methods are mostly
based on optical remote sensing images and ﬁeld investigation. Airborne laser radar technology has signiﬁcant advantages over ground-based three-dimensional laser
scanning technology or other forms of remote sensing
technology as the laser pulse can obtain highly accurate data
concerning topography through any vegetation that is
present and can, therefore, be used to construct high ﬁdelity
topography data based on the digital terrain analysis technology from which the slope, slope direction, degree of
concave and convex terrain, terrain roughness, and the
openness of the terrain can be obtained. Factors such as
optical remote sensing image data can, therefore, be used to
accurately identify the potential sources of rockfalls when
combined with ﬁeld investigation to obtain the physical
parameters of the rock in the study area. Finally, it can be
used to accurately mitigate areas that are potentially prone to
rockfall disaster and guide construction, to provide slope
support, develop protective networks, construct retaining
walls, and establish other systems for the prevention and
control of geological disaster.
The early recognition and prediction of geological disaster is challenging, and although high-precision airborne
LiDAR data can be used for the identiﬁcation of possible
sources of material for rockfall, risk assessment, and potential hazards, the cost of acquiring airborne LiDAR data
can become extreme, so geological hazard investigations are
often combined with oblique photography modeling to
obtain high-precision digital surface modes for a study area,
in which the model includes features concerning the terrain
and the texture for clearer analysis of the potential threat
from rock fracture and other important processes [34].
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