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Kush Himalayan region of
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bivariate modeling
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Space Education and GNSS Lab, National Center of GIS and Space Application, Institute of Space
Technology, IST, Islamabad, Pakistan, 13School of Computing Engineering and Physical Sciences,
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Landslides are a recurrent environmental hazard in hilly regions and affect the

socioeconomic development in Pakistan. The current study area is the tourism

and hydro energy hub of Pakistan and is affected by environmental hazard. A

landslide susceptibility mapping (LSM) of the Hindu Kush Himalayan, Swat

District, Pakistan, can be created to reduce demographic losses due to

landslides. This current study is conducted to apply three bivariate models,

including weights of evidence (WOE), frequency ratio (FR), and information

value (IV) for an LSM that has not been explored or applied in the current study

area. For this purpose, first, an inventory map of 495 landslides was constructed

from both ground and satellite data and randomly divided into training (70%)

and testing (30%) datasets. Furthermore, 10 conditioning factors (elevation,

slope, aspect, curvature, fault, rainfall, land use land cover (LULC), lithology,

road, and drainage) used for the mapping of landslides were prepared in ArcGIS

10.8. Finally, LSM is generated based on WOE, FR, and IV models and validated

the performance of LSM models using the area under receiver operating

characteristic curve (AUROC). The findings of success rate curve (SRC) of

the WOE, FR, and IV models were 67%, 93%, and 64%, respectively, while

the prediction rate curves (PRCs) of the three models were 87%, 95%, and 73%,

respectively. The validation results for WOE, FR, and IV justified that the FR

model is themost reliable technique of all three of thesemodels to produce the
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highest accuracy LSM for the present study area. Policymakers can use the

findings of current research work to mitigate the loss due to landslide hazard.

KEYWORDS

landslide susceptibility mapping, landslide causative factors, geospatial modeling,
bivariate models, sub Himalayas

1 Introduction

Landslides triggered in mountainous areas can have

catastrophic consequences, threaten human life, and cause

billions of dollars in economic losses. A landslide is a

geological process in which material moves downward from

its parent rocks due to slope failure (Zhang et al., 2020; Zhou

W. et al., 2021; Yue et al., 2021; Zhu B. et al., 2022). Landslides are

the most catastrophic geo-environmental hazard in mountainous

regions, severely impacting the world’s socioeconomic trends

(Ullah et al., 2022). Landslide hazard is a frequent disaster

phenomenon in the mountainous regions in developing

countries like Pakistan (Zhang et al., 2019b, 2019a; Wang S.

et al., 2021; Quan et al., 2021). Landslide hazard is expected to

grow due to anthropogenic interventions such as deforestation,

population growth, urbanization, etc. and natural phenomena

due to topographic, geologic, and climatic factors (Rahman et al.,

2020; Xie et al., 2021a, 2021b; Guo et al., 2022; Ren et al., 2022;

Wahla et al., 2022). Since the 20th century, mortality caused

landslides has reached 6.2 million and has caused up to 10 billion

US dollars of damage. It is essential to assess the anthropogenic

and natural predisposing factors of landslides to reduce their

consequences in mountainous areas (Raghuvanshi, 2019; Tariq

et al., 2021b; Yin et al., 2022a, 2022b; Zhu Z. et al., 2022; Chen

et al., 2022).

It is expected that landslides will originate in certain areas

due to the combined effects of many causative parameters instead

of a single causative factor. Therefore, assessing all-natural and

human-induced parameters and their association with landslide

inventory can help develop LSM for predicting landslides to

minimize the damages of said hazard (Girma et al., 2015; Chimidi

et al., 2017; Zhang et al., 2021; Shah et al., 2022). An LSMmay be

produced based on the postulation that the predisposing factors

for the imminent landslide will be the same as in earlier landslides

(Pham et al., 2015; Zhou et al., 2021a, 2021b; Sharifi et al., 2022;

Zhan et al., 2022). An LSM demarcates the region exposed to

landslide hazards and classifies the area into different potential

hazard zones by using various approaches to manage the

landslide hazard in the region of interest. Researchers have

developed various GIS-based techniques for landslide

modeling (Pourghasemi et al., 2005; Reichenbach et al., 2018;

Tian et al., 2021a; Wang P. et al., 2021, 2022; Fu et al., 2022).

Generally, these methods can be grouped into qualitative and

quantitative versions to construct detailed LSM of the area. The

qualitative approach is subjectively used by researchers based on

their relevant experience and judgment. A quantitative method is

an objective-based method in which the inventory of landslides

and causative factors is evaluated through mathematical and

statistical ways to produce LSM (Milevski et al., 2019; Majeed

et al., 2022). Qualitative and quantitative methods can be used to

assess landslide inventories and causative factors, and both

techniques incorporate various pros and cons in the research

(Tian et al., 2019, 2020; Tian et al., 2021b; Chen et al., 2021; Li Y.

et al., 2022). Qualitative methods play significant roles in LSMs,

but this technique is time-consuming in landslide research

(Barredo et al., 2000; Zuhairi et al., 2020; Zhao et al., 2021; Li

Q. et al., 2022; Sadiq Fareed et al., 2022). An LSM is generated

using quantitative methods like bivariate and multivariate

analysis in the modern era due to their high accuracy results

and easy implementation. These approaches can compute the

impacts of each class of causative factor with landslide events

(Lee and Pradhan, 2007; Dahal et al., 2008; Pradhan, 2010; Choi

et al., 2012; Park et al., 2013; Vakhshoori and Zare, 2016; Fayez

et al., 2018). The GIS-based statistical approach used the

association of landslide inventory and predisposing landslide

factors to generate LSM (Khanchou et al., 2020; Narimah Samat

and Ismail, 2020). This study we used bivariate statistical models,

such as weights of evidence (WOE), frequency ratio (FR), and

information value (IV), to compute the association between

landslide events and causative factors.

In this study, we used bivariate statistical models like WOE,

FR, and IV to compute the mathematical association between

landslide events and causative factors. These quantitative models

quantify the authentic and reliable association between the

variables more accurately than in the qualitative and semi-

quantitative models. WOE is a GIS-based statistical model

that estimates probability using the Bayesian principle and the

concepts of prior and posterior probability. This technique is

mostly applied in prediction mapping (Elmoulat et al., 2015;

Hussain et al., 2022). The FR technique is considered to be a

consistent and experimental method that can be used to calculate

the association of landslide events with causative factors and to

produce applicable LSM of the study area (Oh et al., 2017; Farhan

et al., 2022). This model (IV) is a GIS-based bivariate models and

has been applied to produce predicted study maps based on

dependent and independent variables (Li et al., 2021; Tariq et al.,

2021c; Imran et al., 2022).

Swat is Pakistan’s emerging tourism and hydel energy hub

and has been affected by terrorism and various natural hazards,

i.e., floods, landslides, etc. Many researchers have worked on

different hazards using diverse techniques and models. Some

researchers have focused on floods, while few have concentrated
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on slope instability in the Swat region. However, scientists of

various fields ignored landslide investigation in the current study

area using satellite data, Google Earth Engine (GEE), and

geospatial modeling. In this study, we used GIS-RS-based

emerging and innovative techniques to fill the research gap in

the Hindu Kush Himalaya Ranges in Swat District of Pakistan.

We selected this area because it has not been explored and nor

investigated by researchers regarding landslide mapping using

integrated study of GIS-RS with ground truth information.

The main goal of the present research work is to assess the

quantities association of dependent variable (landslide events)

with independent variables (causative factors) to generate an

accurate, updated LSM of the study area using GIS-RS based

methods and precariously emphasize the low, medium, high, and

very high zone of landslides in Swat District of Pakistan. Finally,

the LSM of models is validated by area under receiver operating

characteristic curve (AUROC) technique and by ground data

from the field, which can be helpful to decision makers at

organizations to reduce the loss to hazard in the study region.

2 Materials and methods

2.1 Study area

This study is conducted in Swat District of Khyber

Pakhtunkhwa (KPK), as shown in Figure 1. Geographically, the

Swat District is situated within a latitude and longitude range of 34°

30′ 00″ 34° 30′ 00″’North and 72° 05′ 00″’ and 72° 50′ 00″’ East, at
500–6,500 m elevation above sea level (Atta-ur-Rahman and Khan,

2011). Topographically, the study area is part of the Hindu Kush

Himalayan range (Qasim and Hubacek, 2013), and the tourism hub

of KPKhas an area of 5,337 km2. The study area is divided into semi-

arid, sub-humid, and humid climate regions (Bahadar et al., 2015;

Sharifi et al., 2022; Zamani et al., 2022). Geologically the research

area is engraved in a Suture Zone (SZ) between the Indian Plate and

Kohistan IslandArc (KIA). The SZ betweenKIA and theAsian Plate

occurs on the Northside and is tectonically the most active

geomorphic region (Tahirkheli, 1979; Abbas et al., 2021; Hu

et al., 2021; Waqas et al., 2021).

FIGURE 1
Map of the study area along with elevation in meters and spatial location of landslide events: (A) Pakistan administrative boundaries of KPK
province; (B) Swat District in KPK shapefile; (C) elevation and landslide inventory of study area.
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TABLE 1 Detailed RS and ground data availability, statement, source, and purpose.

Data Availability of data Data
availability statement/Source

Parameter maps

Landsat-8 Data openly available The data supporting this study’s findings are openly available in
[USGS] at https://earthexplorer.usgs.gov. The spatial resolution
is 30 m

Land use land cover

Sentinel-2 Data openly available The data supporting this study’s findings are openly available in
[ESA] at https://www.esa.int. The sentinel -2 data of 10 m of spatial
resolution

Landslide inventory

DEM (ALOS) Data openly available The data supporting this study’s findings are openly available at
https://asf.alaska.edu/. Spatial resolution is 12.5 m

Elevation, slope, aspect,
curvature, and drainage

CHIRPS Data openly available The data supporting this study’s findings are available in [UCSB] at
https://www.chc.ucsb.edu. The spatial resolution of CHIPRS is
0.05° (5.54 km) and daily gridded

Rainfall maps

Rainfall Surface
Precipitation Gauge (SPG)

Available in PMD organization on
through proper channel based

The SPG data for 2010 to 2020 were acquired from PMD Peshawar
regional center. https://www.pmd.gov.pk/en/.

Rainfall maps

Geological data From Northern Map of Pakistan The tectonic evolution of the Kohistan-Karakoram collision belt
along the Karakoram Highway transect, north Pakistan. Tectonics
1999, 18, 929–949. Scale 1:650, 000

Lithological and tectonic map

Road Available in PKHA organization on
through proper channel based

https://pkha.gov.pk/ Scale 1:25000 Proximity to road

FIGURE 2
Methodology for GIS and RS-based landslide susceptibility mapping.
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2.2 Datasets

In this research, we used both satellite and ground datasets to

achieve the goal of the present study. The satellite data used in

this study was composed of Landsat-8 Operational Land Imager

(OLI), Sentinel-2, Advanced Land Observing Satellite Digital

Elevation Model (ALOS DEM), Climate Hazards Group

InfraRed Precipitation with Station data (CHIRPS), and

Google Earth. Landsat-8 images from July 2020 with a spatial

resolution of 30 m were used for the LULC classification of the

present study area. Sentinel-2 data were used to detect and map

landslide events. We used sentinel-2 images with Google Earth

and a field survey to produce an updated landslide inventory

map. ALOS DEM data were downloaded from Earth data, Alaska

Satellite Facility (ASF), to compute the topographic causative

factors. CHIRPS data from 2010 to 2020 were used to prepare a

rainfall map of the study area.

The ground data consist of rainfall, geological, and road

network data. The daily rainfall data from three meteorological

stations, i.e., Saidu Sharif (34.73°N, 72.35°E), Kalam (35.52°N,

72.54°), andMalam Jabba (34.83°N, 72.55°E), for 2010–2020 were

obtained from Pakistan Meteorological Department (PMD),

Peshawar Regional Center (Tariq et al., 2022a; 2022b). The

geological map was scanned and digitized from the geological

map of northern Pakistan to prepare a lithological and tectonic

map of the study area. The updated road data was acquired from

KPK Highway Authority (PKHA). The details of both RS and

ground datasets of the current study area are mentioned in

Table 1. Further details are presented in Figure 2.

3 Methodology

3.1 Landslide inventory map

Past and current landslide inventory data are a significant

factor in predicting landslide potential in a study area (Guzzetti

et al., 1995). Therefore, a landslide inventory map is the first

mandatory element for generating and compiling authentic LSM

of a study area (Aslam et al., 2022a). The inventory map is a

significant parameter for performing various quantitative

analyses and validating the models’ accuracy (Chalkias et al.,

2014; Baloch et al., 2021; Baqa et al., 2021; Shah et al., 2021). The

landslide inventory map for this study was developed using

Sentinel-2 and Google Earth images and validated with field

survey data. In the research area, 495 past and present landslide

events were detected from satellite imageries and ground-based

data, as shown in Figure 1. After landslide inventory generation,

we developed the non-landslide area of the research region. First

we extract the landslide polygon from the study area polygon to

generate non-landslide area. Then we used ArcGIS tools to

produce random points in the study area which have been

considered as non-landslide area in the current research.

During a field survey we validated the satellite-based

inventory of landslide and observed the impacts of various

type of landslide on forest, water quality, infrastructure, and

human loss. Landslide hazard has had significant effects on the

forest and environment of Swat District. This environmental

hazard also affected the infrastructure and engineering

structures. The impacts of the different type of landslide are

shown in Figure 3.

3.2 Causative parameters

The incidence of landslides is predisposed by the combined

effects of topographic, hydrological, and geological parameters

(Costanzo et al., 2012; Marchesini et al., 2014; Tariq and Shu,

2020; Tariq et al., 2021a). Therefore, selecting causative factors is

a significant step toward producing LSM. In this paper, We

selected 10 precondition factors as independent variables for

developing LSM for the region of interest. These factors are

elevation, slope, aspect, curvature, precipitation, land use land

cover (LULC), proximity to the fault, lithology, road proximity,

and drainage network. In the following paragraphs, we briefly

present the significance of each causative factor in the LSM. The

details of causative factors are as follows.

3.2.1 Elevation
Elevation is an influential precondition for landslide

incidence (Tosic et al., 2014). Altitude is used for landslide

susceptibility mapping and investigation (Dou et al., 2015).

Elevation was extracted from advanced land observation

satellite (ALOS) with a 12.5 m spatial resolution and

reclassified into different classes using the natural break

algorithm in ArcGIS 10.8, as shown in Figure 4A.

3.2.2 Slope
The slope is a crucial causative factor in landslide

investigation because it triggers the downslope movement of

loose sediment material (Nolasco-Javier et al., 2015). The slope of

the current study area was computed from ALOS DEM having

12.5 m spatial resolution. The calculated slope was then

reclassified into five classes in ArcGIS 10.8, as shown in

Figure 4B.

3.2.3 Aspect
Aspect also plays an influential role in the instability of strata

because it controls moisture in the rocks and soil due to wind and

sunlight exposure in the study area. The slope aspect map in the

current study area was calculated fromALOSDEMusing ArcGIS

10.8 and reclassified into nine classes, as shown in Figure 4C.

3.2.4 Curvature
The curvature is a morphological parameter and has a

significant role in LSM. The geomorphic structures of the
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terrain can be classified based on curvature style (Pourghasemi

et al., 2013). Curvature affects surface water flow and regulates

landslides (Pham et al., 2019). The curvature of the current study

area was extracted from ALOS DEM and reclassified into three

classes, i.e., using ArcGIS 10.8 platform as shown in Figure 4D.

3.2.5 Rainfall
Precipitation is a triggering parameter for landslide

occurrence globally (Hong et al., 2017; Tariq et al., 2021a;

Farhan et al., 2022). Precipitation infiltrates the pore spaces

and fractures of strata and affects the landslide frequency

(Dou et al., 2015). The rainfall map of the current research

was generated from CHIRPS satellite data and validated with

ground data of PMD, as shown in Figure 5A. The rainfall map

was rescaled to a 12.5 m resolution using the ArcGIS platform.

3.2.6 Land use land cover
Many scientists have evaluated the impacts of LULC change

in landslide investigation (Miller et al., 2009). LULC was

computed from Landsat eight images using GEE, as shown in

Figure 5B. LULC parameter was rescaled to 12.5 m spatial

resolution to run model smoothly.

3.2.7 Distance from fault
The geological fault is generally considered the external

causative factor in regulating the instability of beds and

landslide occurrence. The tectonic map of the study area

was scanned and digitized from the geological map of

northern Pakistan (Searle et al., 1999), as shown in

Figure 5C. The fault map was rescaled to same spatial

resolution as ALOS DEM.

FIGURE 3
Field photographs of the study area showing the impacts of various types of landslide: (A) affected road and water quality; (B) affected road and
vegetation; (C) affected water quality and vegetation; (D) affected vegetation; (E) affected road; (F) affected infrastructure.
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3.2.8 Lithology
Lithology is a crucial predisposing factor for landslides

through stresses in the geological mass body (De Vallejo and

Ferrer, 2011). Geology is the significant and prominent internal

contributory factor in landslide susceptibility mapping

(Abdollahi et al., 2019). The consolidated and compacted

rocks show more resistance to mass wasting than loose rocks.

A lithological map of the study area polygon vector maps was

prepared and digitized from the geological map of northern

Pakistan and rescaled to 12.5 m resolution, as shown in

Figure 5D.

3.2.9 Distance from the road
Road construction is considered a human-induced factor for

slope instability (Wu and Chen, 2009). The road network map is a

polyline vector produced from the data of PKHA, as shown in

Figure 5E. According to the literature, the spatial resolution of road

map was rescaled to the resolution of ALOS-DEM to perform well.

3.2.10 Distance from drainage
Hydrology is a significant and influencing external

parameter in the instability of strata to trigger landslides in

the area. Another critical factor in the formation of landslides

(Pham et al., 2015). The surface drainage network is

considered one of the most active and crucial factors in

landslide occurrence (Tosic et al., 2014). This parameter

was computed from ALOS DEM 12.5 m resolution and

divided the distance from drainage to landslide into five

classes, as shown in Figure 5F.

3.3 LSM techniques

Appropriate terrain mapping is important in generating the

LSM of the study area (Aslam et al., 2022b). We used WoE, FR,

and IV techniques to compute LSM for the study area. The details

of the mentioned methods are as follows.

FIGURE 4
Topographic parameters derived from DEM for LSM: (A) elevation map; (B) slope map; (C) aspect map; (D) curvature map for the study area.
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3.3.1 Weight of evidence
WOE is a bivariate statistical model that uses the Bayesian

rule to estimate probability, adopting the concepts of prior and

posterior probability (Elmoulat et al., 2015). Researchers have

used this method for mineral exploration mapping. Later on, this

method was widely used in landslide prediction mapping due to

its authentic results compared to field and other deterministic

approaches (Cao et al., 2021).

W+ � ln
h(BD)
h(BD)

(1)

W− � ln
h(�B

D
...)

h(�B
D
...)

(2)

In this technique, positive (W+) and negative (W−) weights are

given to different classes of causative factors and computed

from Eq. 2.

In Eq. 2, h shows probability, and ln denotes the natural log.

B denotes the presence of the landslide evidence parameter B�on

appearance of the landslide evidence parameter. Similarly, D
...

refers to the presence of a landslide, while D
...
is the absence of a

landslide.

We further used Eq. 3 to evaluate the impacts of causative

factors on LS occurrence.

W+ � ln
NPix1
NPix2

+ NPix2
NPix3

+ NPix3
NPix4

(3)

W− � ln
NPix3
NPix1

+ NPix2
NPix4

+ NPix3
NPix4

(4)

FIGURE 5
Different parameters for landslide susceptibility mapping: (A) precipitation map; (B) LULC map; (C) fault buffer; (D) lithological map; (E) road
buffer; (F) stream buffer.
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where NPix1 number of pixels shows the existence of

predisposing factors and landslides, NPix2is the absence of

landslides predisposing parameter and presence of landslide,

NPix3 is the presence of the contributing factors to landslides

and the non-existence of landslides, and NPix4is the absence of

both landslides and landslides predisposing factors. The final

LSM of WOE is shown in Figure 6A.

3.3.2 Frequency ratio
The FR model is considered to be among the best bivariate

statisticalmodels for use in computing the spatial association between

two variables (Oh et al., 2017). This statistical method is a reliable

experimental technique to produce LSM in the research area (Fayez

et al., 2018). Eq. 5 is used to calculate the FR for each factor.

FR � NiPx/N
NilQ/Nl (5)

where FR = frequency ratio, NiPx = number of pixels in each

landslides conditioning factor class, N = number of all pixels in

the study area, NilP = number of landslide pixels in each

landslide conditioning factor, and Nl = number of all

landslide pixels in the study area.

The following mathematical representation is used to

generate LSI for the region of interest.

LSI � ∑
n

i�1
FRij (6)

The expression FRij is frequency ratio value for the “j” class of

factor “i”, and n is the total number of factors. After performing

these steps, the LSM map was produced, as shown in Figure 6B.

3.3.3 Information value
In this work, the IV method generates the LSM of the study

area. This statistically based GIS technique predicts the spatial

association between landslide inventory and classes of

predisposing factors (Li et al., 2021).

This analysis can be achieved through the following

calculation:

FIGURE 6
Landslide susceptibility mapping derived from bivariate models: (A) LSM by WOE; (B) LSM by FR; (C) LSM by IV.
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TABLE 2 Detailed analysis of different causative parameters with landslide events using bivariate models (IV, FR, andWoE) to understand the impacts
of each class in LSM.

Parameters Class No.
of pixels
in a
class

No.
of landslide
pixels
in a
class

W+ W− WC % of
pixels
in a
class

% of
LS pixels
in a
class

(FR) IV =
log (A/B)

Elevation <1,500 7,738,778 756 −4.78 0.26 −5.04 22.52 0.190 0.01 −4.77

1,500–2,500 6,531,545 4,635 −2.80 0.20 −3.00 19.01 1.168 0.06 −2.79

2,500–3,500 5,878,979 101,163 0.42 −0.11 0.53 17.11 25.486 1.49 0.42

3,500–4,500 7,471,119 150,000 0.82 −0.23 0.79 21.74 37.790 1.74 0.55

>4,500 6,738,623 140,374 0.21 −0.22 0.82 19.61 35.365 1.80 0.59

Slope <10° 5,900,546 16,596 −1.42 −0.14 −1.57 17.17 4.18 0.24 −1.41

10–20 8,400,816 69,688 −0.33 −0.08 −0.42 24.45 17.56 0.72 −0.33

20–30 10,285,258 124,369 0.40 −0.04 0.26 29.93 31.33 1.05 0.17

30–45 7,243,458 141,275 0.175 0.14 0.54 21.08 35.59 1.69 0.43

>45 2,528,966 45,000 0.43 0.08 0.48 7.36 11.34 1.54 0.40

Aspect F 3,547,098 15,766 −0.96 0.07 −1.03 10.32 3.97 0.38 −0.96

NE 3,747,398 53,686 0.22 −0.03 0.25 10.91 13.53 1.24 0.22

E 3,819,815 69,991 0.47 −0.08 0.55 11.12 17.63 1.59 0.46

SE 4,111,079 77,868 0.50 −0.09 0.59 11.97 19.62 1.64 0.49

S 4,011,237 62,890 0.31 −0.05 0.36 11.67 15.84 1.36 0.31

SW 4,214,290 61,685 0.24 −0.04 0.28 12.27 15.54 1.27 0.24

W 3,938,948 39,437 −0.14 0.02 −0.16 11.46 9.94 0.87 −0.14

NW 3,613,212 11,340 −1.31 0.08 −1.39 10.52 2.86 0.27 −1.30

N 3,355,967 4,265 −2.22 0.09 −2.31 9.77 1.07 0.11 −2.21

Curvature Concave 3,828,011 287,611 1.94 −1.18 3.12 11.14 72.46 6.50 1.87

Flat 28,186,139 66,509 −1.60 1.58 -3.17 82.03 16.76 0.20 −1.59

Convex 2,344,894 42,808 0.46 −0.04 0.51 6.82 10.78 1.58 0.46

Precipitation <1,200 9,463,996 197,974 0.60 −0.37 0.98 27.54 49.88 1.81 0.59

1,200–1,300 6,471,282 120,882 0.49 −0.16 0.64 18.83 30.46 1.62 0.48

1,300–1,400 8,295,914 49,103 −0.67 0.15 −0.82 24.14 12.37 0.51 −0.67

1,400–1,500 6,692,712 16,976 −1.52 0.18 −1.70 19.48 4.28 0.22 −1.52

>1,500 3,441,168 11,957 −1.40 0.08 −1.29 10.01 3.01 0.30 −1.20

LULC Water 260,922 448 −1.92 0.01 −1.92 0.76 0.11 0.15 −1.91

Forest 6,891,142 387 −5.34 0.23 −5.56 20.07 0.10 0.00 −5.33

Grass 213,081 174 −2.66 0.01 −2.67 0.62 0.04 0.07 −2.65

Flood vegetation 45 1 0.66 0.00 0.66 0.00 0.00 1.92 0.65

Crops 1,257,688 154 −4.56 0.04 −4.60 3.66 0.04 0.01 −4.55

shrub 14,895,916 234,000 0.31 −0.32 0.64 43.39 58.95 1.36 0.31

Builtup_area 3,675,808 1,139 −3.63 0.11 −3.74 10.71 0.29 0.03 −3.62

Bare ground 4,185,037 147,827 1.14 −0.34 1.48 12.19 37.24 3.05 1.12

Snow 2,947,648 12,798 −0.99 0.06 −1.04 8.59 3.22 0.38 −0.98

Distance to fault <100 75,904 10 −4.49 0.00 −4.49 0.22 0.00 0.01 −4.474

100–200 76,090 73 −2.50 0.00 −2.50 0.22 0.02 0.08 −2.489

200–300 76,257 91 −2.28 0.00 −2.28 0.22 0.02 0.10 −2.270

300–400 76,440 215 −1.42 0.00 −1.42 0.22 0.05 0.24 −1.413

>400 34,061,693 396,732 0.01 −2.21 2.22 99.11 99.90 1.01 0.008

Lithology Ka 6,347,601 3,158 −3.17 0.20 −3.37 34.41 0.80 0.0231 −3.16

KB 9,948,821 235,797 0.72 −0.56 1.28 53.93 59.41 1.1015 0.71

EC 1,185,411 86,665 1.90 −0.21 2.11 6.43 21.84 3.3978 1.83

(Continued on following page)
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W � log
MQox(Ro)
MQox(Ro)

∑ MQox(Ro)∑MQox(Ro)
(7)

whereW denotes the weight of the causative factor for landslides.

Mox(Ro) shows the number landslide of pixels within class

“o”; MQox(Mo) is the number of all pixels within class “o”;

MQOx(RO) is the total number of landslides pixels; and

∑MQOx(Mi)) is used for the total number of pixels in the

study area. The LSI can be generated for the study area using the

following formula:

LSI � WE +WS +WA +WC +WLULC +WL +WP +WF +WR

+WD

(8)
where WE = weight of elevation, WS = weight of slope, WA =

weight of aspect, WC weight of curvature, WLULC = weight of

landuse landcover, WL = weight of lithology, WF = weight of

fault,WR = weight of road, WP = weight of rainfall, and WD =

weight of stream network. The LSM of IV is given in

Figure 6C.

4 Results

In this research, 495 landslide events were detected by the

integrated interpretation of satellite imageries and ground-

based data in the study area. The spatial distribution of

landslide events is given in Figure 1. These landslide events

consist of different types of landslides, i.e., mudflow, debris,

rockfall, rockslide, topple, and creep. In the current study,

three bivariate models are applied to produce the LSM of the

study area. The details of the results for each model are shown

in Table 2. The comprehensive, detailed description of Table 2

is as follows.

The elevation parameters used in the current study represent

a strong association with landslide events. The most influential

class of elevation is >4,500 m, followed by 3,500–4,500 m and

2,500–3,500 m. The < 1,500 m class of elevation is less

susceptible. The independent variable, i.e., the slope, is

considered the crucial factor in the present study. The slope

factor is influential up to 45° because as slope increases, landslide

occurrence also increases, but above 45°, landslide activity

declines with increasing slope, as shown in Table 2. The

TABLE 2 (Continued) Detailed analysis of different causative parameters with landslide events using bivariate models (IV, FR, and WoE) to understand
the impacts of each class in LSM.

Parameters Class No.
of pixels
in a
class

No.
of landslide
pixels
in a
class

W+ W− WC % of
pixels
in a
class

% of
LS pixels
in a
class

(FR) IV =
log (A/B)

GI 1,439,183 39,579 0.87 −0.06 0.93 7.80 9.97 1.2781 0.86

UV 1,180,316 12,271 −0.12 0.00 −0.12 6.40 3.09 0.4832 −0.12

KV 957,401 2,726 −1.42 0.02 −1.44 5.19 0.69 0.1323 −1.41

BBS 916,768 14,635 0.32 −0.01 0.33 4.97 3.69 0.7419 0.31

GM 155,417 4 −6.13 0.00 −6.13 0.84 0.00 0.0012 −6.12

CC 6,876,463 2015 −3.70 0.22 −3.92 37.28 0.51 0.0136 −3.69

ISM 352,208 4 −6.95 0.01 −6.96 1.91 0.00 0.0005 −6.94

PZG 757,560 6 -7.31 0.02 -7.33 4.11 0.00 0.0004 −7.30

SWG 800,352 11 −6.76 0.02 −6.78 4.34 0.00 0.0006 −6.75

CB 268,165 13 −5.50 0.01 −5.50 1.45 0.00 0.0023 −5.49

Q 463,000 3 −7.51 0.01 −7.52 2.51 0.00 0.0003 −7.50

MS 2,313,318 5 −8.61 0.07 −8.68 12.54 0.00 0.0001 −8.60

Distance to road <100 2,078,393 4,753 −.63 0.05 −1.68 6.05 1.20 0.20 −1.62

100–200 1,476,459 4,014 −1.46 0.03 −1.49 4.30 1.01 0.24 −1.45

200–300 1,163,424 4,415 −1.12 0.02 −1.14 3.39 1.11 0.33 −1.11

300–400 998,097 4,137 −1.03 0.02 −1.05 2.90 1.04 0.36 −1.02

>400 28,650,011 379,609 0.14 −1.35 1.49 83.37 95.64 1.15 0.14

Distance to stream <100 810,632 25,395 0.94 −0.04 0.98 2.36 6.40 2.71 0.93

100–200 1,017,643 23,000 0.61 −0.03 0.63 2.96 5.79 1.96 0.60

200–300 1,222,348 21,800 0.37 −0.02 0.38 3.56 5.49 1.54 0.36

300–400 1,393,655 17,000 −0.02 0.00 −0.02 4.06 4.28 1.06 −0.02

>400 29,922,106 339,530 −0.09 0.46 −0.56 87.07 85.54 0.98 −0.09
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results revealed that 30°–45° is the most susceptible class of slope

while, slopes of <10° are the most resistant to landslide, followed

by 10°–20° class of slope. Table 2 indicates that SE is the most

crucial class of aspects, followed by E, S, and SW. The tabulated

results explained that concave structure is the critical class of

landslides, as noted in Table 2. In the present study, a rainfall

map was generated from CHIRPS data, validated with ground-

based data, and then reclassified into five classes to evaluate the

association of rainfall parameters with landslide events. As

shown in Table 2 for precipitation, the results indicated that

rainfall is a significant factor for landslides. The results revealed

that <1,200 mm/year precipitation class is the censorious class

for landslide, followed by 1,200–1,300, 1,300–1,400, 1,400–1,500,

and >1,500 mm/year. In the current research, the tabulated

results clearly explained that every class of LULC has diverse

impacts on landslide events. The results of Table 2 show that the

barren land and flooded vegetation of the present study area is

most susceptible to landslides. The forest and built-up area show

greater resistance to landslides in the study area than other

classes of LULC.

The results of the present study demonstrate that faults have

no direct influence on landslide occurrence, as shown in Table 2.

The results illustrate that very a smaller number of landslide

pixels occurred in a <100 m buffer zone near the fault, i.e., values

of −4.49, 0.01, and −4.47 for WOE, FR, and IV, respectively. The

most vulnerable buffer zone of a geological fault is >400 m, as

most landslide events occur in this buffer region. The WOE, FR,

and IV models for the >400 m buffer are 2.22, 1.01, and 0.008,

respectively.

The results prove that lithology is a significant causative

factor for landslide investigation. As shown in Table 2, EC is the

most susceptible geological formation for landslides, followed by

GI and KB. The output results of bivariate models for road

association with landslide events, as shown in Table 2, indicate

that the road network has no direct impact on the instability of

strata. The <100 m buffer zone of road network is not susceptible

to landslides in the study area. No direct association can be

observed between the dependent variable and the road network.

The >400 m buffer zone of the road network is most susceptible

to landslides with values of 1.49, 1.15, and 0.14 for the WOE, FR,

and IV models.

The results for landslide events and stream networks show

that both variables feature a substantial direct association with

each other, because in this study, we observed that most

landslide events and landslide pixels occurred near streams,

while smaller numbers of landslide events were observed far

from drainage. The bivariate statistical results revealed that

a <100 m buffer from the stream network is the most

susceptible class to landslide occurrence followed by

100–200 m and 200–300 m. The WOE, FR, and IV models

values of −0.56, 0.98, and −0.09 revealed that both dependent

variable and independent variables in the >400 m buffer zone

are not susceptible to landslide.

The tabulated analysis concluded that the concave structure

is the most crucial class for landslide occurrence, followed by

lithology, barren land, stream network, and elevation. The

influential factors for the WOE results mentioned above are

3.12, 2.11, 1.48, 0.98, and 0.82, respectively. The FR model results

for concave, lithology, bare ground, stream network, and

elevation are 6.50, 3.39, 3.05, 2.71, and 1.80, respectively. The

IV model values for concave, lithology, bare ground, stream

network, and elevation are 1.87, 1.83, 1.12, 0.93, and 0.59.

This study used GIS-based statistical analysis of various

causative factors with landslide events in ArcGIS 10.8 to

produce the LSM of the research area, as shown in

Figure 6. These were reclassified into five classes, i.e., very

low, low, high, and very high. The LSM produced by WOE, as

shown in Figure 6A, indicated that the major portion of the

north region of the study area is highly susceptible to

landslides, followed by high and moderate susceptibility

class of landslides, while the south region of the LSM is

occupied has low and low susceptibility classes. The south

region of the study area is safe according to results of WOE

model. The final LSM generated by FR model, as shown in

Figure 6B, reveals that the most northern area of LSM is

exposed to very high, high, moderate susceptibility. By

contrast to the WOE model in the results for this

technique, we observe some low and very low

susceptibility zones in the region of the study area. The

resulting map of the IV model is different from both

mentioned models. In this LSM map, the north region is

mostly susceptible to the very high and high class. The very

low zone is not mentioned in the north region, and the

moderate class is negligible in this LSM relative to WOE

and FR. The WOE and FR on this LSM of the IV model

contains low and very low class of susceptibility in the north

region, which was not identified in the previous two models.

The south portion of LSM, generated by the IV model,

consists of very low and low susceptibility class and

contains some high zones that are not mentioned in the

previous model amps. Beyond the north and south zones

of the LSM, the central region of the WOE and FR models are

mostly susceptible to high and moderate susceptibilities,

while some areas have low and very high classes as well. In

the LSM generated by IV model the central region is mostly

susceptible to low class. According to the IV model, the

central region is safe.

To validate the performance of bivariate models, we used

the AUROC method. The validation graphs of WOE, FR, and

IV are shown in Figure 7 using 30% of landslide inventory

data. AUC chart for the WOE model showed that the SRC and

PRC values of the model are 67.3% and 87%, respectively. The

SRC and PRC graphs for the WOEmodel are shown in Figures

7A,B. The validation charts of the FR bivariate model illustrate

values of 0.93 and 0.95 for the SRC and PRC, respectively.

Based on training and validation data, these SRC and PRC
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values can be represented in percentage format, i.e., 93% and

95%, respectively. The SRC and PRC graphs are illustrated in

Figures 7C,D. The visual record for the IV model revealed that

the chart values were 0.64 and 0.73 for SRC and PRC,

respectively meant that the model accuracy is 64% and

73.85%. The SRC and PRC graphical representation for the

IV model is shown in Figures 7E,F. The validation outcomes of

WOE, FR, and IV indicate that the FR is a reliable model to

produce LSM for the present study area.

5 Discussion

Landslide development is a multifaceted phenomenon

because it is triggered and predisposed by various natural and

human-induced factors (Chen et al., 2019). In this study, LSM

was generated using geospatial techniques based on landslide

events and predisposing factors (elevation, slope, aspect,

curvature, precipitation, LULC, distance to fault, lithology,

distance to road, and distance to streams) to mitigate current

FIGURE 7
Success rate curve (SRC) and predicted rate curve (PRC) for WOE, FR, and IV model: (A) SRC for WOE; (B) PRC for WOE; (C) SRC for FR model;
(D) PRC for FR model; (E) SRC for IV; (F) PRC for IV.
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and future hazard impacts. All 10 causative factors were

considered important because they were selected and prepared

according to the literature, but some parameters are more

influential than others. First of all, we prepared an inventory

map using satellite and ground-based data. The topographic

factors of altitude, slope, aspect, and curvature are reflected as

the influential parameters for landslides (Alkhasawneh et al.,

2013; Tariq et al., 2020; Ghaderizadeh et al., 2021). This paper

focused on topographic causative factors that are associated with

landslide events, and a tabulated explanation is given in Table 2.

The outcome results of topographic parameters in this study

prove that these are the most influential independent variables

for landslide occurrence. The results section of this paper

indicates that curvature, lithology, barren ground, stream

network, and elevation are the most significant parameters,

while the contribution of other factors also can never be

ignored. The concave curvature is more strongly associated

with landslide events than convex structures (Xu et al., 2014).

The results of the present study clearly showed that concave

structure is mainly affected by landslides than convex curvature.

The precipitation is the most influential external triggering

factor for landslides but also depend on the lithology, slope, and

LULC of the study area (Silalahi et al., 2019). In the present study

heavy precipitation occurred in the hilly region which have

compacted lithology and vegetation cover, so the area was not

affected by landslide hazard. In the same study area some region

have low precipitation with major landslide because low

precipitation area was occupied by loose lithology and

barren land.

The LSM literature indicates that lithology is often

considered an influential factor (Segoni et al., 2020). The

findings this analysis agree that lithology is an influential and

significant internal factors in LSM. The literature suggests

that barren class of land cover is the most influential

triggering factor in landslide occurrence (Khan et al.,

2019). The findings of this study confirm that barren land

is the susceptible class of land cover for a landslide. The last

causative factor found in this research but not the least is

drainage network, which is an external influential causative

factor in landslide occurrence (Pradhan et al., 2012). This

study revealed strongly positive correlation of drainage with

landslides. During a field survey, we validated ground truth

information with GIS-based models and concluded that all

landslide-affecting factors contribute to landslide occurrence,

but curvature, lithology, barren ground, stream network, and

elevation are the most trigging causative factors of landslides

in the current study area.

In the current paper, lithology was proven to have a crucial

role in landslide occurrence. The literature indicates that bare

ground is more susceptible to landslide occurrence (Khan et al.,

2019). This paper also showed that barren land is the most

susceptible class to landslides, with values of 1.48, 3.05, and

1.12 forWOE, FR, and IV. The drainage network is an influential

factor in a landslide (Pradhan et al., 2012), and in this study,

drainage is strongly associated with landslide events.

The outcomes demonstrated that the findings of success rate

curve (SRC) of the WOE, FR, and IV models were 67%, 93%, and

64%, respectively, while the prediction rate curve (PRC) of the

three models were 87%, 95%, and 73%, respectively. In the

current research, the FR model has 93% and 95% values for

SRC and PRC, respectively, and produces the best prediction

mapping of the landslide, as shown in Figure 6B. The WOE

model also made a good prediction map for the study area. In

contrast, the IV model has not produced satisfactory results.

Geoscientists have adopted various statistical models in

numerous regions and attained different findings. This type of

discrepancy is mostly due to weight differences, along with the

selection of models and causative factors. Therefore, landslide

detection, the selection of landslide-affecting factors, and

appropriate models for the study area is very important for

reducing uncertainty in model processing and prediction

(Pham et al., 2019). This is because GIS-based models depend

upon the reliability and quality of input data. In this research, we

used quantitative models and achieved superior accuracy to

qualitative and semi-quantitative methods.

6 Conclusion

This research was designed to generate an LSM of the study area

using geospatial techniques to mitigate the consequences of hazards.

Three GIS-based statistical models, i.e., WOE, FR, and IV, were

applied in the current research to compute the association of

dependent variables (landslide causative factors) and dependent

variables (landslide events/inventory). The study results delivered

significant evidence concerning landslide existence in the study area.

The results explained landslides instigated by various causative

factors in the study area. This study was executed to identify

regions susceptible to landslides and classify them into deficient,

low, medium, high, and very high zones to alleviate their

consequences, using geospatial techniques. This research was

conducted to evaluate the association of causative factors with

landslide occurrence. These parameters were topographic,

geologic, hydrologic, climatic, and geomorphic. The three GIS-

based statistical models were used to investigate the association

of landslide occurrence with causative factors to produce LSM.

From the above discussion and due to the results of analysis,

we concluded that the highest value for LSM in the current

research area by bivariate analysis was the value of curvature,

lithology, barren ground, stream network, and elevation. The

most susceptible class of curvature was a concave structure

having values of 3.12, 6.50, and 3.12 values for the WOE, FR

and IV models, respectively. The WOE, FR, and IV models for

flat class were −3.17, 0.20, and −1.59, respectively, which shows

that it is the most less susceptible class. The results revealed that

the EC is the most susceptible formation in the current study,
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having association values of 2.11, 3.39, and 1.83 for theWOE, FR,

and IV models, respectively. The results concluded that barren

land the association values were WOE, FR, and IV are 1.48, 3.05,

and 1.12. The tabulated analysis revealed that <100 m buffer zone

of the stream network was most susceptible to landslide

occurrence. The analytical results for this buffer zone of

WOE, FR, and IV were 0.98, 2.71, and 0.93, respectively.

The validation results, i.e., SRC and PRC for the WOE, FR,

and IV models, were 0.67, 0.87, 0.93, 0.95, 0.64, and 0.73,

respectively. The validation results revealed that FR model is a

credible method for the LSM, as this model showed accuracies of

0.93 and 0.95 for SRC and PRC, respectively. It can be concluded

that GIS-based statistical modeling is the most reliable, flexible,

and authentic method for generating LSM. Various organizations

can use the final LSM of the bivariate models to reduce the effects

of landslide hazards in the study area.
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The Lower Mekong region is one of the most landslide-prone areas of the

world. Despite the need for dynamic characterization of landslide hazard zones

within the region, it is largely understudied for several reasons. Dynamic and

integrated understanding of landslide processes requires landslide inventories

across the region, which have not been available previously. Computational

limitations also hamper regional landslide hazard assessment, including

accessing and processing remotely sensed information. Finally, open-source

software and modelling packages are required to address regional landslide

hazard analysis. Leveraging an open-source data-driven global Landslide

Hazard Assessment for Situational Awareness model framework, this study

develops a region-specific dynamic landslide hazard system leveraging

satellite-based Earth observation data to assess landslide hazards across the

lower Mekong region. A set of landslide inventories were prepared from high-

resolution optical imagery using advanced image-processing techniques.

Several static and dynamic explanatory variables (i.e., rainfall, soil moisture,

slope, relief, distance to roads, distance to faults, distance to rivers) were

considered during the model development phase. An extreme gradient

boosting decision tree model was trained for the monsoon period of

2015–2019 and the model was evaluated with independent inventory

information for the 2020 monsoon period. The model performance

demonstrated considerable skill using receiver operating characteristic curve

statistics, with Area Under the Curve values exceeding 0.95. The model

architecture was designed to use near-real-time data, and it can be

implemented in a cloud computing environment (i.e., Google Cloud

Platform) for the routine assessment of landslide hazards in the Lower

Mekong region. This work was developed in collaboration with scientists at

the Asian Disaster Preparedness Center as part of the NASA SERVIR Program’s

Mekong hub. The goal of this work is to develop a suite of tools and services on

accessible open-source platforms that support and enable stakeholder

communities to better assess landslide hazard and exposure at local to

regional scales for decision making and planning.
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1 Introduction

Landslides are one of the most dangerous natural hazards

that can cause a sudden loss of human life and substantial

property damage. The Lower Mekong Region (LMR) is highly

susceptible to landslides (Figure 1) due to steep terrain combined

with intense rainfall (Stanley and Kirschbaum, 2017). From the

inset plot of the Figure 1, four out of five countries (Cambodia,

Myanmar, Vietnam, and Thailand) have well covered medium to

high susceptible topography with more than 50 fatalities within

2015–2020.

For the past few decades, several studies have been performed

with various approaches to quantify landslide susceptibility in the

LMR region at a mostly regional scale. Those approaches can be

classified into different types: 1) Machine learning, deep learning

and Artificial Intelligence based methods; 2) Simple GIS analysis-

based methods; and 3) Physical model-based methods. In

Table 1, a summary of the relevant studies in the different

categories is shown. Among the latest methods, Tran et al.

(2020) used a machine-learning algorithm to characterize the

landslide hazards in the Nam Dam Commune, Vietnam region.

Van Dao et al. (2020) found that spatially explicit deep learning

(DL) neural network models performed better than other models

for the prediction of landslide susceptibility in the Muong Lay

district (Vietnam). Bui et al. (2019) compared Deep Learning

Neural Network (DLNN) with four different types of machine

learning models to produce landslide susceptibility. While all

these studies were performed to characterize the landslide

susceptibility in the LMR using different approaches, to our

best knowledge, no study focused on dynamic landslide hazard

assessment in an integrated way for the whole region. A few

possible reasons for not having a near-real-time integrated

FIGURE 1
Distribution of reported landslide fatalities across the Lower Mekong Region based on NASA’s Global Landslide Catalog (Kirschbaum et al.,
2015), with NASA’s global landslide susceptibility map (Stanley and Kirschbaum, 2017).
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FIGURE 2
Landslide inventory records generated by SaLaD-CD Algorithm over the LMR.
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hazard system include: 1) dependability of a specific model/

algorithm to produce reliable landslide hazard with spatio-

temporal consistency; 2) absence of sufficient landslide

inventories; 3) lack of access to or availability of relevant

hydrometeorological parameters that are either satellite-based

or in situ; 4) limitations associated with the computational

resources.

In this study, we focused on minimizing the above-

mentioned key issues that hindered near-real-time landslide

hazard assessment. To address the first issue, we used a

regionalized version of the global Landslide Hazard

Assessment for Situational Awareness model (LHASA)

(Stanley et al., 2021). LHASA was developed to provide an

indication of where and when landslides may be likely around

the world. This model uses surface susceptibility (including slope,

vegetation, road networks, geology, and forest cover loss) and

satellite rainfall data from the Global Precipitation Measurement

(GPM) mission to provide near-real-time hazards. The use of

TABLE 1 Geographic region, landslide relevant studies, types, and major findings.

Country Study Model Comments

Cambodia Lee at al. (2006) Frequency ratio and logistic regression Similar prediction accuracy

Laos Hearn and Pongpanya (2021) A simple index of vulnerability assessment Only for the road network

Myanmar Dang et al. (2020) Deterministic models Velocity, volume and locations

Kolomazník et al. (2021) Provided evidence-based support to the design of the road corridor landslide inventory susceptibility map prepared

Naing et al. (2022) GIS analysis Causes of landslides studied for topographic
variables

Panday and Dong (2021) Investigative study Relationship between landslides and
topographic features was studied

Titti et al. (2021) Landslide susceptibility zoning using weight of evidence method Mapped the landslide susceptibility

Thailand Asian Disaster Preparedness
Center et al. (2008)

Wide variety of assessments at the city and slope scales Combines critical API map with automated rain
gauges for real-time warnings

Intarawichian & Dasananda
(2011)

Frequency Ratio model Susceptibility maps were prepared

Jotisankasa and Vathananukij
(2008)

1D infiltration modeling and slope stability analysis 300 mm rainfall over 1–4 days may trigger
debris flows

Kanjanakul et al. (2016) Combines SEEP/W and SLOPE/W Calculated a critical API of 380 mm

Komori et al. (2018) Logistic regression and Richard’s equation Landslide hazard will increase due to climate
change

Nawagamuwa et al. (2013) Analysis of historical landslides in several countries Thai landslides caused by rainfall over 3 days

Oh et al. (2009) Frequency ratio and logistic regression Frequency ratio performed better

Ohtsu et al. (2012) Modified API, 10-min rainfall data Antecedent rainfall is significant for 2 days prior
to event

Ono et al. (2014) Infinite slope stability model Model was not sensitive to soil parameters

Phien-Wej et al. (1993) Retrospective analysis of the 1988 landslide disaster Most failures in weathered granite; 475 mm
rainfall/day

Salee et al. (2022) Event rainfall depth-duration threshold Best results when combined with 20-day
cumulative rainfall

Schmidt-Thomé et al. (2018) Slope threshold of 30°, combined with “loose soil” Rainfall thresholds by susceptibility zone imply
use in a real-time system

Sidle & Ziegler, (2017) Intensity-duration (ID) threshold, combined with 2-day API Forest canopies have little effect on landslides in
this area

Soralump, (2010) Critical API based on rock groups Applied both locally and nationally

Vietnam Bui et al. (2017) Compared least squares support vector machines (LSSVM) to other
methods

LSSVM Performed best

Bui et al. (2012) Support vector machines (SVM), decision tree (DT), and Naïve
Bayes (NB)

SVM performed best among all

Bui et al. (2011) statistical index and the logistic regression Performed same

Tran et al. (2020) Hyperpipes (HP) algorithm AdaBoost (AB), Bagging (B), Dagging,
Decorate, and Real AdaBoost (RAB)

AdaBoost performed best

Truong et al. (2018) BE-LMtree and Support Vector Machine BE-LMTree model performs better

Van Dao et al. (2020) Deep learning compared with other models: quadratic discriminant
analysis, Fisher’s linear discriminant analysis, and multi-layer
perceptron neural network

Deep learning performed best
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machine learning, when combined with other improvements to

LHASA, doubled the system’s ability, relative to the prior version

(Stanley and Kirschbaum, 2017). Based on this experience, a

regional version of the LHASAmodel was proposed in this study.

To address the dearth of published landslide inventories, Amatya

et al. (2021b) developed a change detection-based Semi-

Automatic Landslide Detection (SALaD-CD) system to detect

landslides in the LMR. To address the regional landslide

triggering topographic and meteorological data scarcity issue,

we used NASA Earth observation datasets, which over the last

few decades have demonstrated potential to be used in

conjunction with ground-based observations for monitoring

water resources and hydroclimatic disasters. Finally, the

emergence of cloud computing and advanced IT infrastructure

reduces the need for local computational resources, which is

helpful for many stakeholder organizations (Biswas and Hossain,

2018; Biswas et al., 2021; Biswas et al., 2020). The freely available

framework, Google Earth Engine-GEE (Gorelick et al., 2017), has

been widely used for cloud-based scientific analysis and

visualization of geospatial datasets by academic, non-profit,

business, and government users. It hosts a public data archive

that includes a record of more than 4 decades and is increasing

every day. This framework has been helping stakeholders and

decision makers use a plethora of satellite data without incurring

any additional charges and widens the possibilities for developing

nations. By integrating the Google Cloud Platform (GCP) with

GEE, a regional version of LHASA named LHASA-Mekong was

trained, validated, and implemented in this study.

Using LHASA-Mekong, the key research questions

addressed in this study are: 1) What level of accuracy can be

attained in assessing landslide hazard activity at a regional scale

using globally available hydrometeorological and topographical

data? and 2) How can a disaster modeling framework be

implemented in a cloud environment for near-real-time

prediction? In the paper, relevant datasets and methodology

of the study are discussed in Section 2, Section 3 emphasizes

the results, major findings, and discussion followed by the

conclusions and future scope of the study.

2 Data and methodology

2.1 Data

2.1.1 Landslide inventory preparation
The landslide inventories used in this research were mapped

utilizing high-resolution satellite imagery from Planet (Planet

Team, 2017) using the modified framework of Semi-Automatic

Landslide Detection (SALaD) system (Amatya et al., 2021a). The

SALaD uses object-based image analysis and machine learning to

map landslides. A change detection-based approach was

introduced to the SALaD framework (SALaD-CD) utilizing

pre- and post-event imagery (Amatya et al., 2021b). The new

framework incorporates image normalization, image co-

registration, and change detection. In addition to the

22 inventories (2 in Laos, 4 in Myanmar, 1 in Thailand, and

15 in Vietnam) released by Amatya et al., 2021 using SALaD-CD,

three new inventories were added in this study (Xam Neua, Laos;

Quang Nam, Vietnam; and Sapa, Vietnam). 112 landslides

recorded in the Global Landslide Catalog (Kirschbaum et al.,

2015) were also included. The map of available landslide

inventories and the monthly distribution of these data are

shown in Figure 2A.

2.1.2 Satellite precipitation estimates
To fill the ground-based observation gap, we depended on

satellite-based observations that show reasonable accuracy when

compared to the ground-based data. For the precipitation

product, we used the Global Precipitation Measurement

(GPM) satellite provided Integrated Multi-satellitE Retrievals

for GPM (IMERG) version 6 product (Huffman et al., 2015).

The IMERG rainfall product was developed using a unified

TABLE 2 Static variables and the data sources used in LHASA-Mekong.

Variable Source

Distance to faults GEMGlobal Active Faults (GEMHazard Team,
2019)

Lithology Strength Global lithological map (Hartmann and
Moosdorf, 2012)

Slope SRTM DEM

Relief

Topographic Wetness
Index (TWI)

Distance to Rivers HydroRIVERS (USGS HydroSHEDS)

Distance to Roads Global Roads Inventory Project (Meijer et al.,
2018)

TABLE 3 LHASA-Mekong model description with the interaction and
monotone constraints.

Model
parameters

Tuned value

Maximum depth 2

Eta 0.05

Objective binary: logistic

Tree method Exact

MaximumDelta Step 1

Subsample 0.5

Monotone
Constraints

Distance to Roads, Distance to Faults, Distance to rivers is
an inverse relationship, all others are having linear
relationship

Interaction
Constraints

Precipitation can interact with others
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FIGURE 3
Explanatory variables used during the development of LHASA-Mekong Model, (A) 99th percentile of 3-day accumulated precipitation, (B)Mean
of CFS soil moisture variable, (C) Relief, (D) Slope, (E) Lithological strength, (F) Distance to faults, (G) Distance to roads, (H) Distance to rivers, and (I)
Maximum topographic wetness index (TWI).
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algorithm that provides rainfall estimates by combining data

from microwave and infrared instruments on satellites along

with precipitation gauge data for calibration. The native spatial

resolution of the data is 0.1° by 0.1° (approximately a 10-km by

10-km grid) with a half-hourly temporal resolution. The half-

hourly data was converted into 3-day accumulations at the per-

pixel basis to feed the model. The mean of 3-day accumulated

precipitation is shown in Figure 3B and the 99th percentile of 3-

day accumulated precipitation is shown in Figure 3C.

2.1.3 Climate forecast system soil moisture
The Climate Forecast System (CFS) version 2 was developed

at the Environmental Modeling Center at the National Centers

for Environmental Prediction (NCEP) (Saha et al., 2011). It is a

fully coupled model representing the interaction between the

Earth’s atmosphere, oceans, land, and sea-ice and became

operational at NCEP in March 2011. This dataset was chosen

because of its acceptability and availability in GEEwith the lowest

lag-time (earth engine asset id: NOAA/CFSV2/FOR6H).

Minimized lag-time and consistent data availability is

important for any kind of operational product. The spatial

resolution of the data is 0.2° and the variable used in this

study was “Volumetric_Soil_Moisture_Content_depth

_below_surface_layer_150_cm.” A snapshot of the spatial

variability of soil moisture data is shown in Figure 3B.

2.1.4 Static variables
Besides the dynamic variables, several static variables (such as

slope, relief, distance to rivers, distance to roads, and lithological

strength) were also included in the model. Among the static

variables, slope and relief were calculated from the Shuttle Radar

Topographic Mission (SRTM) Digital Elevation Model (DEM). The

native resolution of the SRTM DEM is 30 m. Lithological strength

data were leveraged from the global LHASA model as that was the

only consistent and reliable data related to lithological strength for

this region. Spatial variability of these parameters is shown in

Figure 3. Table 2 summarizes the static variables, and the data

sources are mentioned.

2.2 Methodology

The overall methodology of the model development is

described in Figure 4.

2.2.1 Rescaling of precipitation
To reflect the climate of each location, we normalized

the IMERG 3-day accumulated precipitation data using the

99th percentile of the historical 3-day accumulated

precipitation. For each of the pixels within the study area,

a log-normal distribution was fitted to the 99th percentile.

This was calculated by fitting a log-normal distribution

for each pixel from daily rainfall records spanning 2000–2020,

then calculating the 99th percentile from the fitted distribution.

Finally, this precipitation was used to rescale the 3-day

accumulated precipitation and the normalized precipitation

was fed into the model framework. A map of the 3-day

accumulated precipitation is shown in Figure 3A.

2.2.2 Exploratory data analysis
An exploratory data analysis was performed before training

the model. Correlation between some of the most important

FIGURE 4
Methodology of the development of LHASA-Mekong model.
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factors that drive landslide initiation such as precipitation, slope,

relief, and soil moisture over the landslide and non-landslide

grids is shown in Figure 5.

2.2.3 Model training and validation
Two dynamic variables (precipitation and soil moisture) and

five static variables were used to train the model. The landslide

inventory was divided into two parts, the 2015–2019 inventory was

used to train the model and the 2020 inventory was used for the

temporal validation of the model. The 2015–2019 inventory was

further split randomly into a part for training the model (67%) and

for validating the model (33%). The XGBoost python library was

used for training of the model. Based on the global landslide

modelling experience, we found that XGBoost model has unique

features such as interaction and monotone constraints which makes

it more appropriate for landslide hazard quantification (Stanley

et al., 2021). Interested users are suggested to see Stanley et al. (2021)

and https://xgboost.readthedocs.io/en/stable/to know about the

XGBoost model. Model configuration parameters are shown in

Table 3. The receiver operating characteristics (ROC) curvewas used

to quantify the accuracy of the model. In order to generate binary

statistics, a probability threshold of 0.08 was chosen based on the

99th percentile of the probability distribution of the non-landslide

sample.

FIGURE 5
Distributions of the most important variables for landslides (orange) and non-landslide grid cells (blue). The highest correlation (0.45) was
between maximum slope and relief.
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2.2.4 Python package with google earth engine
for operationalization

Upon finalizing the model, it was implemented in Google Cloud

Platform (GCP) for the operational prediction. An illustration on

implementation of the LHASA-Mekong model in GCP

environment is shown in Figure 6. The finalized version of the

model was hosted in GCP bucket storage along with the necessary

metadata and configuration information. Compute Engine and

Notebook API were used together to deploy the model. It was

found that the latest IMERG early run precipitation data was not

available inGEE. Thus, the notebookAPI script was used to pull data

from the Goddard Earth Sciences Data and Information Services

Center server of NASAGoddard Space Flight Center (GSFC). Other

dynamic variables (i.e., IMERG late run precipitation data and CFS

soil moisture) were captured from GEE. Then the model was

imported to make the prediction and the final hazard probability

map was pushed back to GCP bucket storage. Finally, the hazard

probability map was pushed to GEE as assets from the GCP bucket

storage. The hazard probability data can be accessed through GEE

and through API services such as Google App Engine.

3 Results and discussion

3.1 Model training and validation

The Area Under the Curve (AUC) value was 99% in the spatial

validation of the model using a random 33% split of the sample data.

During the temporal validation of the model, the AUC values were

similar to that of the spatial validation. Left panel of Figure 7 shows a

feature importance plot combining three different metrics (gain,

cover, and weight). Gain is themost relevant attribute to interpret the

relative importance of each feature. Cover measures the relative

quantity of observations concerned by a feature. Most of the gain was

attained by the precipitation and the second-most important variable

was maximum slope. Relief also showed similar importance

compared to the maximum slope. Soil moisture was incorporated

in the model as a dynamic variable, but its importance was quite low

compared to themaximum slope and relief. This can be explained by

the lower variability and lower accuracy of the variable. The SHapley

Additive exPlanations (SHAP) package from python (link: https://

shap.readthedocs.io/en/latest/index.html) was also used to explain

the feature importance plot of the model, which is shown in right

panel of Figure 7. Here it can be seen that precipitation, soil moisture,

maximum slope, and relief have a higher positive impact on the

predictability of the model. Distance to roads and distance to faults

have more negative impacts on the model. Some of the precipitation

and soilmoisture also have a negative impact on themodel due to the

frequent occurrence of very moist conditions in flat regions of

the LMR.

3.2 Event-specific assessment

In addition to standard validation metrics, we quantified the

model accuracy over six large landslide events. Three events were

FIGURE 6
LHASA-Mekong Model implementation in Google Cloud Platform (GCP).
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selected in the different regions from the training period of

2015–2019, and three of the events were picked from the

validation period. The news sources for all these events can be

found in Amatya et al. (2021). The areas selected from the model

training period are: 1) the Hakha-Falam area of Myanmar where

a number of landslide events happened on 30 July 2015; 2) the

Muong La, Vietnam area for the date of 3 August 2017; and 3) the

Xieng Ngeun, Laos area for the date of 31 August 2018. It was

found that for the first two events, the true positive rate of the

model was higher than 99%. For the third event, it was found that

IMERG estimated rainfall underestimated the ground-measured

amount of rainfall provided by Mekong River Commission

(MRC) and thus the model-generated hazard missed some of

the landslide events, reducing the true positive rate to 97%. The

model was further validated for the three individual events in

2020 that happened in the Central Vietnam region. Almost all the

landslide locations were identified as potentially hazardous

(p>0.08), resulting in a true positive rate (TPR) above 90%.

Spatial maps of the predictions for all events show a more

extensive zone of a hazard than the area known to be affected

by landslides (Figure 8).

3.3 Retrospective simulation and
seasonality analysis

To better understand the seasonal and geographic

distribution of landslide hazards across the LMR, the model

was run retrospectively for the period 2015–2020. The long-term

hazard probability map (Figure 9B) was qualitatively compared

with the global landslide susceptibility map (Figure 9A) prepared

by Stanley and Kirschbaum (2017) and both maps match quite

well, indicating that LHASA-Mekong may correctly reflect the

geographic distribution of landslide hazard which is coherence to

the locations with higher topographic slope, high amount of

rainfall and low lithological strength regions.

The seasonal variation of landslide hazard probabilities is

shown in Figures 9C–F. From Figure 7C, the whole LMR had a

very low chance of having landslide probability, due to extremely

low rainfall that occurs in the dry season. The April-May-June

map shows higher probabilities in the western zone of LMR due

to the comparatively early arrival of the tropical monsoon period.

The same pattern can also be seen in Figures 9E,F with 7f

showing very high hazard in the Central Vietnam region due

to the late arrival of the monsoon. For the same reason, the

Myanmar region showed a very low hazard probability during

the same period of the year (October-November-December).

When the mean hazard probability was converted into a time-

series mean, the seasonality pattern was clearer. In Figure 10, a

time-series comparison of weekly precipitation and weekly mean

hazard probability (along with range) was shown. From

Figure 10, the more frequent occurrence of higher landslide

probability corresponds to a higher amount of rainfall. There

were a few higher probabilities occurring in the late monsoon and

dry season and this was due to the higher rainfall reported by the

IMERG precipitation.

3.4 Discussion

The LHASA-Mekong model showed an AUC of 99%, which

is sometimes treated as overfitting. To reduce overfitting, we used

monotone constraints and interaction constraints that are helpful

in reducing this nature of machine learning models. In order to

re-validate the applicability of the model, we took the following

steps: 1) independently validated the model with the

2020 landslide inventory that was not included in the training

sample, 2) checked the model prediction accuracy against eight

inventories spanning from 2015–2020, 3) evaluated the predicted

hazard outputs at annual and seasonal scale to make sure that the

model has reliable and consistent accuracy temporally and

spatially.

FIGURE 7
Feature importance plot of the LHASA-Mekong model (left) and SHAP value plot (right). Precipitation had the greatest effect on model
outcomes, primarily raising hazard values.
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Model uncertainty also stems from variability and accuracy

of the landslide triggering variables selected for the model. The

precipitation triggering information from NASA GPM IMERG

has known challenges in representing the total rainfall

accumulations for short-duration, high intensity events as well

as orographically-impacted events. We also consider CFS soil

moisture product due to its near-real-time availability; however,

the 25 km spatial resolution of the CFS product cannot

adequately represent the actual soil moisture content at local

spatial scales. Further, in this tropical environment validating this

type of product is not feasible due to the dearth of in situ soil

moisture information. Among the topographic variables, NASA

DEM can be another source of uncertainty that could be

propagated to slope and relief features of the model, with

more recent topographic changes not accurately resolved in

the data source on which the model was trained. Finally, the

SALaD algorithm-generated inventory may not robustly cover all

cover types where landslides may occur, which may bias the

model validation. However, this is a challenge inherent in all

data-limited environments and care was taken to ensure that we

developed the most comprehensive inventory possible to support

this work.

The false alarm rate generated by the model was higher than

anticipated but is similar to the trend observed in the case of

FIGURE 8
Hazard probability map with observed landslide records for different dates, (A) 30 July 2015 over Hakah-Falam, Myanmar; (B) 3 August
2017 over Muong La, Vietnam; (C) 31 August 2018 over Xieng Ngeun, Loas; (D) 12 October 2020 for the Phong Dien, Vietnam event, (E) 17 October
2020 over Huang Hua, Vietnam; and (F) 28 October 2020 for the Quang Nam, Vietnam event. The true positive rate (TPR) for each inventory is
shown.
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Global LHASA model. The model solely depends on the

triggering variables in estimating the landslide hazard

probability. During the model training phase, random grids in

the spatial-temporal direction were treated as non-landslide

samples; however, the non-landslide areas cannot be

corroborated in all cases. As such, the false alarm rate should

be regarded as a relative estimate to represent the expansiveness

of the potential hazard impact area for situational awareness

rather than providing an accurate prediction of landslide events

occurring at very fine resolution. Furthermore, the threshold

defined in the model to distinguish between landslides and non-

landslides played another role in a higher false positive rate for

the tradeoffs. A well-established landslide inventory along with

further testing on the threshold can minimize the false

positive rate.

To reduce the dependency on the local computation

resources, the modeling framework was implemented in the

Google Cloud Platform. The uniqueness of this framework is

that it was developed based on the most updated open-source

cloud computing framework. The GCP provides a great

opportunity in the terms of deployment, data and application

programming interface (API) accessibility, reproducibility, and

scalability. The model can be customized according to the

available data, retrained and re-deployed to the same bucket

in the easiest way just by using a web browser. An ongoing effort

has focused on training and capacity building of the regional

FIGURE 9
The geographic and seasonal distribution of landslide hazard across the LMR; (A) Global susceptibility map, (B) long-term mean hazard
probability map, (C)Mean hazard probability map of Jan-March, (D)Mean hazard probability map of April-June, (E)Mean hazard probability map of
July-September, (F) Mean hazard probability map of October-December.
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agencies within the LMR to use LHASA-Mekong in order to

harness the power of freely available cloud computing resources

and the scalable framework for decision-making and emergency

management.

4 Conclusion

Using globally available hydrologic and topographic

variables and extensive new landslide inventories, LHASA-

Mekong was trained, validated, revalidated, and deployed as

part of this study. The model was designed to keep

customizability in mind so that end-users can retrain and

deploy it based on the accessibility to improved triggering

variables and regional data. Currently, the model has been

producing nowcast hazard probability, but work is ongoing to

explore how forecast precipitation products such as Climate

Hazards center InfraRed Precipitation with Station data -

Global Ensemble Forecast System (CHIRPS-GEFS, Harrison

et al., 2022). Another benefit of this open-source framework

with publicly available source data is that it can be used for the

other regions. However, care must be taken to ensure that data is

sufficient, and the proper training and validation procedures are

followed to ensure robust performance. Ultimately, this

framework has tremendous potential to generate important

landslide hazard assessments for data-sparse regions to inform

emergency response, decision making, and planning to mitigate

impacts within communities.
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To facilitate coalmining under the industrial square inWestern China, short-wall

paste continuous mining and continuous backfilling (PCMCB) is proposed to

release the overlaid resources and handle coal gangue. First, the concept of

short-wall PCMCB is presented, and the principle of surface subsidence is

analyzed. Second, themechanical model of the branch roadway and strength of

the backfill body are established via mechanical derivations. Third, the

proportion of backfill materials is calculated. Finally, field applications are

carried out in the Dingjiaqu coal mine. The results show the following: 1)

Based on the simply supported beam model of the roof and strength design

model of the backfill body, the reasonable width of the branch roadway was

determined as 5 m and late strength of the backfill body should exceed

2.62 MPa in the Dingjiaqu coal mine. 2) According to the design strength of

the backfill body and backfill material proportion, the reasonable ratio of

cement: fly ash: gangue: water was determined as 1:1.82:4.17:1.78. 3) In

accordance with the equivalent mining height theory, the critical filling rate

of the goaf should be more than 90% to ensure that the deformation is within

the first level of building damage. 4) The field application shows that subsidence

could be effectively controlled by backfilling, the overall surface subsidencewas

very small, and the maximum subsidence value (77 mm) was far lower than the

deformation extremes of the building protection requirements. This study

provides practical guidance for the exploitation of overlaid resources under

similar shallow burial conditions, which can help in the disposal of coal gangue

with considerable social and economic benefits with popularization and

application.

KEYWORDS

paste backfill, surface subsidence, solid waste utilization, shallow coal seam,
continuous mining and continuous backfilling
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1 Introduction

China has abundant coal resources that are widely

distributed across the country. The overall distribution of the

coal resources is uneven, with more availability in the west and

less in the east. Coal resources in western China account for more

than 70% of total national coal resources; with the gradual

depletion of the coal resources in eastern China, the west is

expected to be the main production base for coal and is

characterized by its large scale, high intensity, high efficiency,

and high recovery rate (Han et al., 2018; Xiao et al., 2021). Given

the arid or semi-arid climate and inadequate water resources, the

ecological environment in the west is fragile and coal seams are

generally shallow (Yang et al., 2018). Traditional fully

mechanized caving mining causes greater damage to the

surface and environment, and the low recovery rate of partial

mining does not conform with the concept of sustainable

development (Fan and Ma, 2018; Yang et al., 2019). In parts

of the west, the amounts of “three under” coal resources

(i.e., those under buildings, railroads, and waterways) are

large, and the problem of coal overlaid under industrial

squares is typical. The amount of coal overlaid under the

industrial square is estimated to be of the order of millions to

tens of millions of tons, but there are many buildings in the

industrial square with complex structures and high protection

levels (Feng et al., 2020). Therefore, solving the problem of coal

overlaid under the industrial square is important for solving the

problem of three under mining in western China; this will also

entail milestone significance for achieving large-scale resource

recovery (Yan et al., 2018). Backfill mining is a technology

developed in the past decade and can be used to control

surface subsidence as well as protect buildings and structures

in the industrial square by reducing the equivalent mining height.

At the same time, the backfill method with coal gangue as the

main raw material can effectively solve the problem of gangue

disposal while protecting the fragile ecological environment in

west China (Zhang et al., 2021a; Li et al., 2021).

Themainstream backfill technologies used in China are solid,

paste, high water, and slurry backfill technologies. The

application conditions of each of these backfill technologies

are different. The purpose of backfilling is fundamental to the

choice of the backfill technology used. If backfilling is adopted for

solving problems with the three under coal resources, the

primary purpose is to control subsidence; if it is used to solve

problems with gangue disposal, then the main purpose is to

digest solid wastes. At the same time, particular mining

conditions must be considered in the backfill process because

the proportion of backfill materials required in each mine as well

as the model used are different.

Zhang Q. et al. (2019) summarized the research progress on

solid backfill technologies in China and introduced the mining-

separating-backfilling technology based on the specific

engineering case of the Pingmei no.12 coal mine. Zhu et al.

(2016) proposed a model to accurately predict the surface

dynamic subsidence process of solid backfill mining and

assess the mining damage; the validity of this method was

verified using in situ measured subsidence data from the roofs

of two backfill working faces. Zhang and Wang (2007) studied

the feasibility of cemented gangue backfill and noted that coal

gangue was not an ideal aggregate for pipeline gravity flow

backfill; however, the disadvantages of gangue, such as bad

fluidity and severe pipe wear, could be overcome by the

addition of fly ash to obtain reasonable proportions of the

backfill materials. Belem and Benzaazoua (2007) presented the

laboratory- and backfill-plant-scale designs for paste backfill mix

design and optimization, and they built different models

(analytical, semi-empirical, and empirical) to predict the

rheological factors of paste backfill (shear yield stress and

viscosity). Chang et al. (2021) created a mechanical model of

a paste false roof to analyze its stability for lower slicing mining

and obtained the law of the plastic zone in the lower slicing face.

Based on the characteristics of strip mining and backfilling, Zhu

et al. (2007) proposed the method of filling with grouting for

mining-induced overburden separation, which was successfully

used without village relocation in the Huaibei mining area. Based

on the properties of ultrahigh water materials, Jia and Feng

(2012) analyzed the basic features of high water materials and

presented different high water backfill methods for a goaf as

engineering cases. By employing aeolian sand as the backfill

aggregate, Bai et al. (2018) studied the mechanical properties of

paste backfill materials with different proportions to provide

reference for backfilling of the shallow seam in western China.

Extensive studies have been carried out to study the feasibility

of using solid wastes, such as coal gangue, to recycle the overlaid

coal resources owing to the increasing need for energy and

consciousness regarding environmental protection. Great

contributions on the backfill models and materials have been

made in the development of backfill mining technologies by the

above scholars, and good application results have been achieved

in the field with various backfill technologies, especially in

longwall mining. However, the filling rate of solid backfill is

generally less than 80%, and its control of surface subsidence is

not as good as those of paste and high water backfill; solid backfill

is mainly used for digesting quantities of gangue. Although high

water backfill can fulfill the control requirements of surface

deformation, it cannot be used to dispose large amounts of

solid wastes; spaces for separated strata need to be formed in

slurry backfill, but the current research on delaminated space

development are insufficient (Zhang J. et al., 2019). In response to

the above problems, paste backfill is proposed as a reasonable

means to achieve both high filling rate and effective digestion of

gangue. The application of backfill mining is limited by

restrictions on various factors, such as filling cost and filling

yield. According to statistics, backfill mines are mainly

distributed in eastern China in the Shandong, Shanxi, and

Hebei provinces. There are very few cases of coal recovery
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under the industrial squares in western China (Liu et al., 2020).

This study is mainly concerned with the short-wall PCMCB

technology for developing resources under the industrial square.

The basic concept is first presented, and the principle of

controlling surface subsidence is analyzed; the mechanical

model of the branch roadway and strength of the backfill

body are established next; based on the geological mining

conditions of the Dingjiaqu coal mine, the parameters of the

branch roadway and strength of the backfill body are determined,

and the reasonable proportions of backfill materials are

calculated; finally, the critical filling rate for controlling

deformation of the building structure is obtained from the

equivalent mining height theory, and the feasibility of this

technology is proved through a site application.

2 Concept and principle

2.1 Concept of short-wall PCMCB

Short-wall PCMCB is a greenmining technology that is being

used and developed since 2012. The diagram of the short-wall

PCMCB system is shown in Figure 1, and the system is mainly

divided into the gangue crushing and storage, stirring, pipeline

pumping, and coal mining and separating systems. Coal gangue

is transported to the backfill workshop after crushing; then, it is

placed in a blender with fly ash, cement, and water to form a paste

according to the determined proportion. Finally, the paste is

transported to the goaf through pipelines. Before the backfill

process, a complete ventilation and transportation system should

be implemented on the basis of the original development and

mining roadway. Then, the mining area is divided into multiple

branch roadways in a direction parallel to the open-off cut and

numbered serially as 1, 2, 3, 4, 5, etc. The odd-numbered branch

roadways are mined first; when the filled odd-numbered branch

roadways are stable, the remaining even-numbered branch

roadways are mined so as to complete the mining and

backfilling process (Lin et al., 2021). Short-wall PCMCB

technology effectively integrates the three machines matching

of short-wall mining and paste backfill process; it realizes

separation of mining and backfilling while avoiding technical

problems, such as mutual interference, low efficiency, and poor

roof control in longwall mining and backfilling (Zhang et al.,

2021b).

2.2 Principle of controlling surface
subsidence by short-wall PCMCB

According to the basic principle of mining subsidence, when

the overburden lithology is certain, a smaller mining width a

leads to a lower mining degree, and a smaller surface movement

and deformation are achieved (Kang et al., 2019); the surface

subsidence model is shown in Figure 2. Under the action of the

overburden load, a combined support is formed by the backfill

body and coal pillar, which hinders further deformation of the

goaf and maintains the surface stable. Through PCMCB, mining

and backfilling can be carried out simultaneously; thus, the area is

always in a state of subcritical mining so as to prevent large

subsidence deformations on the surface. This is the principle of

short-wall PCMCB for controlling surface subsidence.

3 Design of technical parameters

3.1 Design of the width and length of the
branch roadway

In the width design, the immediate roof can be regarded as a beam

structure supported by coal pillars on both sides. Because the buried

FIGURE 1
Diagram of the short-wall PCMCB system.

FIGURE 2
Surface subsidence model of short-wall PCMCB.
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depth of the coal seam is low and the coal pillar is affected by mining,

the stability calculation of the roof can be considered as a simply

supported beam (Chi, 2012). The calculation of the roof load q is the

premise of rock beam stability calculation; according to the principle of

a composite beam (Figure 3), this can be expressed as (Qian et al., 1996)

(qn)1 �
E1h

3
1(γ1h1 + γ2h2 +/ + γnhn)
E1h

3
1 + E2h

3
2 +/ + Enh

3
n

(1)

In the above formula, (qn)1 is the load imposed by the nth layer

stratum controlled by the immediate roof [Pa]; En is the elastic

modulus of the nth layer rock stratum [Pa]; γn is the volumetric

weight of the nth layer rock stratum [N/m3]; hn is the thickness of

the nth layer rock stratum [m].

When (qn)1< (qn−1)1 is calculated, (qn)1 is used as the load

applied to the first layer. As shown in Table 5,

(q1)1 � 0.1264MPa, (q2)1 � 0.0178MPa, and roof load q �
126.4 kPa.

In accordance with the stress distribution of a simply

supported beam under a uniform load, the normal and shear

stresses at any point B (Figure 4A) can be expressed as (Gere and

Goodno, 2012)

σx � 12Mxy

h3
, (2)

τxy � 3Qx(h2 − 4y2)
h3 , (3)

whereMx andQx are the bending moment and shear force in the

cross section on which point B is located; y is the distance from

point B to the neutral axis; h is the height of the beam.

Taking into account the nonhomogeneity of rock, a safety

factorN is considered for the ultimate strength of the rock beam,

and the allowable normal stress [σ] and shear stresses [τ] can be

expressed as

[σ] � Rt

N
, (4)

[τ] � Rj

N
, (5)

where N is the safety factor that ranges from 2 to 4; Rt is the

tensile strength [MPa]; Rj is the shear strength [MPa].

When bending damage of a rock beam occurs, the maximum

bending moment is at the center of the beam (Figure 4B), and the

maximum normal stress can be expressed as (Gere and Goodno,

2012)

σ max � 3qL2
1

h2
. (6)

In this case, the ultimate span of the rock beam can be

expressed as

L1 � h

����
4[σ]
3q

√
. (7)

When shear damage of a rock beam occurs, the maximum shear

force appears at both ends of the beam (Figure 4C), and the

maximum shear stress generated can be expressed as (Gere and

Goodno, 2012)

τ max � 3qL2

4h
. (8)

FIGURE 3
Model of the composite beams.

FIGURE 4
Failure model of a simply supported beam under a uniform
load for (A) the stress state of any point on the section, (B) bending
failure, and (C) shear failure.
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Owing to shear damage, the ultimate span of the rock beam can

be expressed as

L2 � 4h[τ]
3q

. (9)

Referring to Table 5, q, Rt, and Rj were substituted into the above

Eqs 7, 9 to obtain L1 � 13.07m andL2 � 49.14m. Considering

the site process design and other factors, the final branch

roadway and coal pillar width are 5 m each.

The length of the branch roadway can be solved using the

lowest cost per ton of coal, which can be expressed as (Liu et al.,

2007)

Z � Z1 + Z2 + Z3 � a
l
+ (b + c)

l + Δ , (10)

where Z1, Z2, and Z3 are the roadway tunneling, transportation,

and maintenance costs, respectively; a, b, and c are the tunneling,

transportation, and maintenance cost factors, respectively; l

represents the length of the branch roadway; Δ represents the

ancillary cost.

From the formula, it is seen that the longer the branch

roadway, the lower is the tunneling cost. Correspondingly, the

costs of transportation and maintenance of the roadway will

also increase. The length of the branch roadway also depends

on the mining equipment; in the Dingjiaqu coal mine, two

EBZ-160 fully mechanized driving machines with 40T scraper

conveyors are employed, and the maximum daily excavation

capacity is 40 m. To reduce the amount of continuous

handling of the equipment, the final length of the branch

roadway is 200 m.

3.2 Strength design of the backfill body

The strength of the backfill body generally comprises early

and late strengths. There is no concept of early strength for the

short-wall PCMCB as the backfill materials are fully solidified in

the odd-numbered branch roadways when the even-numbered

branch roadways are to be mined. The maximum strength of the

backfill body is required to recover the coal pillar safely under its

supporting condition. Therefore, the late strength design is the

key to the backfill body. At present, the effective area theory is

mainly used to analyze the load sustained by the backfill body; the

backfill body bears the gravity of the rock layers directly above it

and half of the branch roadway on each side. The load P borne by

the backfill body is calculated by the following formula (Xie et al.,

1998):

P � (a + b)γH
a
, (11)

where P is the average stress borne by the coal pillar [MPa]; γ is

the average weight of the overlying seam [MN/m3]; H is the

TABLE 1 Parameters of the rock strata and surface movement of the 42201 working face.

Subsidence coefficient/ƞ Tangent of major
influence angle/tanβ

Horizontal
displacement factor/b

Deviation of inflection
point/s

Propagation angle of
extraction/θ0

0.65 1.77 0.32 0.2 88°

TABLE 2 Surface deformation characteristics affected by the filling rate.

Filling rate
(%)

Surface
subsidence
(mm)

Inclined deformation
(mm/m)

Horizontal deformation
(mm/m)

Curvature (mm/m2)

E-W direction S-N direction E-W direction S-N direction E-W direction S-N direction

0 1,669 38.14/ 49.05/ 13.68/ 20.32/ 1.30/ 1.92/

−15.51 −55.28 −16.44 −24.08 −1.34 −2.34

60 668 15.26/ 19.62/ 5.47/ 8.13/ 0.52/ 0.77/

−6.21 −22.11 −6.57 −9.63 −0.53 −0.93

80 334 7.63/ 9.81/ 2.73/ 4.06/ 0.26/ 0.38/

−3.10 −11.06 −3.29 −4.81 −0.27 −0.47

90 167 3.81/ 4.9/ 1.37/ 2.03/ 0.13/ 0.19/

−1.55 −5.53 −1.64 −2.41 −0.13 −0.23

95 83 1.91/ 2.45/ 0.68/ 1.02/ 0.07/ 0.10/

−0.78 −2.76 −0.82 −1.20 −0.07 −0.12
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average mining depth [m]; a and b are the widths of the reserved

and mining coal pillars, respectively.

The late strength is usually calculated by the Bieniawski

formula (Bieniawski and Van Heerden, 1975), which is

expressed as

σp � σm(0.64 + 0.36
W
h
)
n

, (12)

where σp is the permissible strength of the backfill body; σm is the

uniaxial strength of the critical cube specimen;W is the width of

the backfill body; h is the height of the backfill body; n is a

constant that depends on the ratio of width to height of the coal

pillar; when W/h>5, n=1.4, and when W/h<5, n=1.
Considering the influence of the specimen size (Shao et al.,

2018), σm can be expressed as

σm � σc

��
D
L
,

√
(13)

where σc is the uniaxial compressive strength of the coal sample

in the laboratory; D is the diameter or cube edge length of the

laboratory coal sample; L is the limit size of the laboratory backfill

sample.

Based on the limit strength theory, to maintain the stability of

the backfill body, it is indispensable to consider the safety factor F

such that F � σp
P > 1.5–2.0. The following equation can be

deduced by combining Eqs 11–13.

σc ≥
FγH · (a+b)a�

D
L

√
· (0.64 + 0.36W

h )
1.4. (14)

According to the actual state, γ � 0.025MN/m3,

H � 60m,a � b � 15m, and P � 3MPa; for

D � 50mm,L � 160mm, and F � 2, we get σc ≥ 2.62MPa.

3.3 Equivalent mining height prediction

To determine whether the surface deformation after

backfilling meets the protection requirements of buildings, it

is necessary to predict the surface deformation accurately. The

probability integral method is the most widely used approach to

subsidence prediction (Wang et al., 2018). Under the gravity of

the overburden strata, a certain deformation is produced between

the coal roof and floor, and the backfill body will dehydrate and

FIGURE 5
Different particle size percentages of gangue: (A) washed
gangue; (B) crushed gangue.

TABLE 3 Uniaxial compression test results for different ratios of the backfill body over the ground.

No. Curing period/d Cement/kg Fly ash/kg Coal gangue/kg Water/kg Compressive
strength/MPa

GT1 3 14 34 52 26 2.3

GT1 28 14 34 52 26 6.2

GT1 28 14 34 52 26 6.8

GT1 28 14.3 26 59.6 25.4 6.7

GT3 28 14.6 12.7 72 25.89 2.4

GT3 28 14.6 12.7 72.6 28.2 3.2

GT3 7 14.6 12.7 72.66 29 2.1

GT4 15 14.6 12.7 72.6 25 1.6

GT5 28 14.6 12.7 72.6 28.29 1.5
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shrink during the backfill process. Therefore, in actual

calculations (Qu et al., 2010), the equivalent mining height

theory is generally used to predict surface deformation, and

the equivalent mining height is expressed as follows:

md � δ + Δ + s, (15)

where δ is the movement quantity of the roof and floor, Δ is the

deficit distance of roof contact for the backfill body, and s is the

deformation of the backfill body.

Based on the industrial square building protection grade and

equivalent mining height theory, the surface movement and

deformation parameters of the 42201 working face (Table 1)

were selected, and the surface deformation characteristics under

different filling rates (equivalent mining height divided by actual

mining height) were obtained using the probability integral method

(Table 2). The results show that when the filling rate is more than

90%, the damage may be within the first level of building damage.

4 Backfill materials

Paste backfill materials are mainly composed of gangue,

cement, fly ash, and water. As the most abundant material,

gangue plays the role of the skeleton in the backfill body; as

TABLE 4 Uniaxial compression test results for different ratios of the backfill body under the ground.

No. Curing period/d Cement/kg Fly ash/kg Coal gangue/kg Water/kg Compressive
strength/MPa

GT2 65 14.62 12.77 72.6 28 4.2

GT2 65 14.62 12.77 72.6 25 2.98

GT4 55 14.6 26 59.5 25.4 3.13

GT6 50 14.6 26 59.5 25 5.08

GT8 42 14.62 12.77 72.6 28 4.2

GT12 23 14.6 12.7 72.6 24 2.86

TABLE 5 Rock mechanics parameters of the Dingjiaqu coal mine.

Lithology Thickness (m) Depth (m) Capacity (MN/m3) E (GPa) Rt (MPa) Rj (MPa)

Surface soil 2.7 2.7 0.012 - - -

Loess 9.5 12.2 0.0125 - - -

Siltstones 3.14 15.34 0.0249 19.5 1.84 2.72

Sandy mudstone 6.82 22.16 0.0255 9.4 0.79 1.34

Siltstone 5.2 27.36 0.0247 19.5 1.84 2.72

Fine sandstone 8.04 35.4 0.0284 28.5 1.29 2.14

Siltstone 11.16 46.56 0.0247 19.5 1.84 2.72

Sandy mudstone 14.84 61.4 0.0253 9.4 0.79 1.34

Siltstone 5.14 66.54 0.0246 19.5 1.84 2.72

Coal seam 2.57 69.11 0.0125 8.3 0.45 0.77

Sandy mudstone 6.5 75.61 0.0253 9.4 0.82 1.36

Siltstone 1.05 76.66 0.0245 19.5 1.96 3.12

Coarse sandstone 8 84.66 0.023 11.2 1.21 1.86

TABLE 6 Key parameters of the branch roadway and backfill body in the Dingjiaqu coal mine.

Width/m Length/m Late strength/MPa Ratio (cement: fly
ash: gangue: water)

Critical filling rate/%

5 200 ≥2.66 1:1.82:4.17:1.78 >90
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the cementitious material, cement is the fundamental source of

strength; fly ash can significantly reduce the amount of cement

required and effectively improve the pumping performances of

the backfill materials.

4.1 Reasonable gradation of gangue

Washed gangue from the Dingjiaqu coal washery was used in

the field. After screening, the size distribution of the washed gangue

is as shown in Figure 5A. Since the particle sizes of the washed

gangue did not meet the requirements of long-distance pipeline

transportation, the washed gangue had to be crushed until the

maximum particle size was less than 25 mm. The particle size

distribution after screening for the crushed gangue is as shown

in Figure 5B. It can be seen that most of the crushed gangue particles

are between 0.3 mm and 20 mm, and only a very small fraction of

the particles are 20–25 mm in size. The gangue particles between

5 and 20 mmaccount for 50.1%, and those with sizes less than 5 mm

account for 48%, which conforms to the ideal particle gradation

curve (maximum particle size of the gangue is less than 25 mm, and

the proportion of gangue with particle sizes less than 5 mm is about

40–50%) (Zheng et al., 2006; Sun et al., 2017).

4.2 Design of the proportion of backfill
materials

Since there are many studies on the proportion of backfill

materials (Koohestani et al., 2016; Jiang et al., 2020; Liu et al.,

2022), the composition was adjusted according to the one in

the neighboring Tianyu coal mine, and the laboratory and

downhole proportioning experiments were conducted. As

shown in Tables 3, 4, the final results obtained via the

uniaxial compression test show that when the cement

dosage is certain, excess gangue leads to lower strength of

the backfill body, so the proportion of gangue should be in a

reasonable range. The final choice of backfill material

proportion for cement: fly ash: gangue: water is 1:1.82:4.17:

1.78 for the Dingjiaqu coal mine.

5 Case studies

5.1 Geological settings and mining
conditions

The Dingjiaqu coal mine is located in Ordos, InnerMongolia,

China. The terrain of the mining area is gentle, with a dip angle of

less than 10°. At present, the 3-2 coal in the main coal seam has

been mined out, and only the 4-2 coal under the industrial

square, Baofu highway, and boundary coal pillar remain; the 5-

2 coal is a thin seam with an average recoverable thickness of

1.24 m. Thus, a large quantity of coal gangue will be produced

once mining commences. To extend the service life of the coal

mine, improve the resource recovery rate, and digest the

abandoned coal gangue, the short-wall PCMCB was

considered for adoption for the pressed coal under the

industrial square. The buried depth of the 4-2 coal is about

60 m, with a natural thickness of 0.70–3.45 m (average value:

2.57 m). The specific information and mechanical parameters of

the coal seam roof and floor are shown in Table 5.

5.2 Determination of key parameters

First, the roof load q was determined, and the theoretical value

of the ultimate span of rock beam damage was obtained according

FIGURE 6
Diagram showing the physical effects of a backfill plant.

FIGURE 7
Design and construction of a paste baffle.
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to the mechanical model of a simply supported beam. The width of

the branch roadway was then selected as 5 m from engineering

experience. The length of the branch roadway was selected as 200 m

based on the lowest cost per ton of coal and field conditions. The

design of the late strength of the backfill body was obtained

according to Eqs 11–14. Combined with the mechanical model

of the backfill body and Bieniawski formula, the late strength of the

backfill body should be more than 2.62 MPa. Based on the design

strength of the backfill body and backfill material proportions, the

reasonable composition of cement: fly ash: gangue: water was

determined as 1:1.82:4.17:1.78. To ensure that the deformation is

within the first level of building damage, the critical filling rate of the

goaf should be greater than 90% based on the equivalent mining

height theory. The above data are summarized in Table 6.

5.3 Backfill process

The pattern of building the backfill plant on the ground was

adopted in the Dingjiaqu coal mine, and the physical effect

diagram is as shown in Figure 6. There are two stages in the

backfill process. The first stage involves paste preparation, where

the raw materials are weighed by proportion and then

transported to the mixer through belt conveyors and pipelines

for complete mixing. The second stage involves pipeline

pumping, where the prepared paste is carried to the storage

hopper and then transported to the underground working face

through backfill pipelines.

The 42207 working face was mined as shown in Figure 1.

After each of the branch roadways were mined, the upper and

lower exits of the branch roadways were sealed with paste baffles

first, and single hydraulic props were installed on the outside to

strengthen the supports (Figure 7); finally, the paste was injected

from the upper exit.

5.4 Measurement of surface subsidence

In line with the layout of the 42207 mining area and

distribution of the surface features, third-class leveling was

adopted for deformation monitoring as it has sufficient for

subsidence monitoring. A strike observation line and a

tendency observation line were arranged above the

42207 mining area, as shown in Figure 8. There were

FIGURE 8
Layout of the surface subsidence measurement points and distribution of surface features.

FIGURE 9
Results of surface subsidence: (A) strike line; (B) tendency
line.
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25 observation points numbered 1 to 25 and set along the

north–south observation line at distances of 20 m for a total

length of 500 m; then, 29 observation points numbered 26 to

54 were set along the east–west observation line at distances of

20 m for a total length of 560 m.

The monitoring results (Figure 9) show that the

subsidence could be reduced dramatically by backfilling and

that the integral surface subsidence was small, with a

maximum subsidence of 77 mm. The overall subsidence of

the industrial square was uniform. Large inclination and

horizontal deformations were observed at the edges of the

subsidence basin as the coal seam is buried shallowly;

accordingly, the inclination and horizontal deformation

values changed rapidly. The maximum value of inclination

was 1.99 mm/m; the maximum value of horizontal

deformation was 0.56 mm/m; the maximum value of

curvature deformation was 0.07×10–3 /m. Taking into

account the errors between the forecast software and actual

measurements, the observations basically show the law of

surface deformation; a comprehensive analysis shows that

the surface movement and deformations after backfilling

meet the requirements of the building fortification level.

6 Discussion

To further reveal the advantages and disadvantages of the

proposed short-wall PCMCB technology, a comparison

between similar technologies is given in Table 7.

Considering the characteristics of the western mining area,

the solid backfill is less effective for controlling the surface

deformations, and the high water backfill cannot handle a

large amount of coal gangue (Hu et al., 2020). The surface

control effect of the full mechanized and paste backfill is

good, but its mining and backfilling interferences are serious,

geological conditions of the working face are poorly adapted

(Zhu, 2021), and the total investment in the full mechanized

and paste backfill is generally more than twice that of the

short-wall PCMCB, with the production capacity and tons of

coal filling cost being similar (Zhu et al., 2017). Short-wall

PCMCB also realizes full separation of the mining and

backfilling, and the working face arrangement of this

backfill method is flexible without being limited by the

thickness of the coal seam; it also has strong applicability

to the exploitation of overlaid and boundary coal resources

(Lu et al., 2017; Li et al., 2022).

7 Conclusion

In the practice of three under mining, it is necessary to

pay attention to improving the resource recovery rate and

controlling the surface subsidence. Backfill mining not only

achieves excellent recovery of the remaining coal resources

but also reduces environmental damage effectively. To solve

the problem of coal compressed under the industrial square

in western China, the short-wall PCMCB scheme is

proposed. The key to short-wall PCMCB is in the

reasonable design of the width, length of the branch

roadway, and strength of the backfill body. Based on the

stress state of the branch roadway roof, it can be simplified as

a simply supported beam, and the width of the branch

roadway can be designed according to the bending and

shear failure modes; the length of the branch roadway can

be designed in accordance with the lowest cost per ton of

coal; the late strength is calculated according to the strength

design model of the backfill body. The filling rate is the

standard for assessing whether the surface movement and

deformation meet the requirements of building protection,

which is obtained by the probability integral method. The

selection and proportion of backfill materials are other

important factors in the short-wall PCMCB; a reasonable

proportion of the materials affords sufficient strength to the

backfill body while maintaining backfill cost and digesting as

much gangue as possible. The field application of the short-

wall PCMCB in the Dingjiaqu coal mine shows that the

subsidence could be reduced dramatically by backfilling.

The integral subsidence of the industrial square was

uniform, and the maximum subsidence values (77 mm)

were far lower than the deformation extremes based on

the requirements of the first level of building damage.

This application proves that the short-wall PCMCB has

good effects on the exploitation of the overlaid resources

in western China.

TABLE 7 Technical and economic comparisons of several backfill technologies.

Backfill technology Filling rate
(%)

Cost per
ton ($US)

Annual yield
(million ton)

Applicable
conditions

Interference

Solid backfill 60–85 6–10 0.3–0.5 Low sinking requirements Large

Full mechanized mining and paste backfill >95 12–16 0.2–0.4 Nearly horizontal coal seam Large

PCMCB >95 10–13 0.3 Small limitation Small

High water backfill 80–85 18–22 0.2 Lack of solid waste Large
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The reactivationmechanism of old landslides has been extensively studied from

building load, erosion of the slope toe, heavy rainfall, and slope cutting for

existing research. However, previous research on the reactivation of old

landslides pays little attention to the combined action of engineering

disturbance and heavy rainfall is rarely studied. This paper describes an old

landslide in Wushan County, Chongqing, China, that was reactivated in August

2019 due to engineering disturbance and heavy rainfall. The deformation of the

old landslidewas first observed in 2007 and 2008, resulting fromexcavation and

rainfall, respectively, and remained stable for about 11 years after treatment. In

August 2019, the landslide was reactivated by slope cutting and damaged anti-

sliding piles at the toe, and entered a state of imminent sliding due to the

concentrated heavy rainfall events that occurred fromOctober 4 to 22, 2019. In

order to reveal the deformation features and reactivation mechanism of the

landslide, field investigations, drilling activities and monitoring were performed.

The results showed that tectonic effects and the stratigraphic lithology were the

main reasons for the formation of the old Dashuitian landslide. The cut slope

and damaged anti-sliding piles at the toe of the landslide provided the sliding

space and reduced the anti-sliding force, and therefore resulted in the

reactivation of the landslide. Continuous intense rainfall increased the

weight of the landslide, decreased the mechanical properties and increased

the pore water pressure of the weak interlayer, which accelerated the

deformation rate. Therefore, 1.5 million m3 of rock and soil masses slid

along the weak interlayer under the action of gravity, threatening the safety

of Wuliu Road, Ring Road, National Road G42 and the Wu-Da Expressway. Our

research provides a theoretical basis for reducing the hazard of similar

engineering projects involving slopes.
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1 Introduction

In recent years, hundreds of old landslides in China have

been reactivated under a combination of internal and external

geological dynamics and have resulted in major property damage

and severe casualties (Yin et al., 2010; Guo et al., 2019). Examples

include the Huangtupo landslide in Badong Town (Fourniadis

et al., 2007), the Sanmendong landslide in Zigui County (Sun

et al., 2016; Huo et al., 2019), the Liangshuijing landslide in

Yunyang County (Xiao et al., 2013; Yin et al., 2016; Li et al., 2020)

and the Baiyangwan landslide in Wushan Town (Zhang et al.,

2020).

The reactivation of an old landslide is usually the result of

multiple factors, among which heavy rainfall and disturbance

from engineering projects are considered to be the most

important (Cruden and Varnes 1996; Chen et al., 2014).

Many old landslides have reactivated under the combined

action of human engineering activities and concentrated

rainfall. Zhang et al. (2020) reported that the old Baiyangwan

landslide showed long-term creep due to the combined effects of

building load, open excavation and heavy rainfall. By analyzing

the deformation features of the old Outang landslide, Dai et al.

(2016) reported that erosion of the slope toe by the Yangtze River,

concentrated rainfall and reservoir impoundment were the main

inducing factors leading to the reactivation of the landslide.

Huang et al. (2020) investigated the reactivation mechanism

of the old Dalixi landslide and found that excavation and rainfall

together promoted the continuous deformation of the landslide.

Due to seasonal heavy rainfall, overloading and slope cutting, the

old Jiaju landslide in Danba county was reactivated and has

undergone progressive retrograde failure since July 1992 (Li et al.,

2008; Yin et al., 2010). With respect to old landslides, due to the

existence of the old sliding zone and old cracks, the disturbance

caused by excavation and heavy rainfall is more obvious and

more likely to lead to landslide instability (Zhang et al., 2020). But

how the combined action of the two factors affects the stability of

an old landslide is little known.

The Dashuitian landslide, occurred in Wushan County,

Chongqing, China, provided an opportunity to study

reactivation mechanism of an old landslide induced by

excavation and rainfall. Due to excavation that occurred in

August 2019, the landslide reactivated and began to slowly

slide, and professional monitoring was initiated on 30 August

2019. In October 2019, continuous and concentrated rainfall

events promoted the deformation rate, and the landslide entered

a state of imminent sliding. The total volume of the activated

zone was about 150 m3 × 104 m3, the average thickness was about

25 m, and the main sliding direction was about 7°. From August

to December 2019, the total accumulated displacement of the

Dashuitian landslide was about 150 mm. The landslide directly

threatened the safety of Wuliu Road, Ring Road, G42 and the

Wu-Da Expressway. The potential economic losses exceed

100 million CNY.

Based on detailed field investigations, drilling activities and

field monitoring data, this study presents the particular

characteristics of the Dashuitian landslide and its deformation

features. The triggering factors were explored, and the

reactivation mechanism was preliminarily analyzed. The

effects of slope cutting and continuous intense rainfall on the

reactivation of the old landslide were also examined. Considering

that a large number of old landslides in China have been triggered

by engineering disturbances and concentrated rainfall, we believe

this study will provide useful guidelines and suggestions for the

prevention and control of similar landslide events.

2 The Dashuitian landslide

2.1 General description

The Dashuitian landslide is located in Wushan County,

Chongqing, China, which has undergone rapid development.

The severe deformation of the landslide occurred in August

2019 (Figures 1A–C ). The topography of the landslide area is

high in the south and low in the north. The rear part of the

Dashuitian landslide has an elevation of 540 m compared to

460 m at the leading edge, which is a height difference of 80 m.

The angle of the slope is approximately 20°–25°. The

G42 Expressway is located at approximately 80 m outside

the northern boundary of the landslide. The leading edge

of the landslide is a multistage stepped slope with an average

angle of about 35°, which was excavated during the Wu-Da

Expressway Interchange construction (Figure 1C). Ring Road

is located at the middle-rear part of the landslide (Figure 1B).

The rear edge of the landslide is bounded by Wuliu Road

(Figure 1A). In addition, a gully has developed along the

western edge of the landslide (Figures 1A, 2).

The landslide area is located at the south east wing of the

Baishuihe syncline, which is the secondary fold of the Wushan

syncline. The strata in the study area are monoclinal in structure

with a northward dip, and the geological units, from top to

bottom, include Quaternary landslide deposits (Q4
del), and

argillaceous limestone and mudstone of the Middle Triassic

Badong Formation (T2b
2) (Figure 3). The study area has a

monsoon-influenced warm and humid subtropical climate

with an average annual precipitation of 1049.5 mm. The rainy

season mainly occurs from May to September, while the dry

season occurs from December to February.
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2.2 Hydrogeological conditions

The study area is a sloping terrain with good drainage

conditions, and there is no surface water in the area. Based on

the occurrence and migration conditions, the groundwater can

be divided into pore water of loose rock and fissure water of

bedrock, and mainly flows from the southeast to the northwest.

According to the investigation and drilling data, groundwater in

the flat areas of the south and north boundaries of the Dashuitian

landslide is abundant, while in the landslide area the

groundwater is deep with no evident springs (Figures 2, 3).

The pumping test results of the Zk6 and Zk10 boreholes

showed that the permeability coefficients of the rock and soil

masses range between 0.145 and 0.167 m/d, corresponding to a

medium permeability layer.

3 Material composition

3.1 Sliding mass

The sliding mass consists of Quaternary landslide deposits

(Q4
del) and argillaceous limestone of the Middle Triassic Badong

Formation (T2b
2). The composition of the sliding mass varies

greatly in the vertical direction. The upper part is a thin layer of

gravel soil, and the lower part is a thick layer of broken limestone

(Figure 3). Based on remote sensing images (Figure 1), the

horizontal length of failed material is about 250 m, the

maximum width is about 240 m, and the plane distribution

area is about 6 × 104 m2. In addition, the field investigation

and drilling data revealed that the sliding direction of the

landslide is 7°, the average thickness of the sliding body is

about 25 m, and the unstable volume is about 150 m3 × 104 m3.

3.2 Sliding zone

The sliding zone occurs at depths of 7.5 (Zk6) to 32.9 m (Zk1)

and is the contact zone between the argillaceous limestone and

mudstone of the Middle Triassic Badong Formation (T2b
2) with a

thickness of about 0.8–1.3 m (Figures 4A–C). The dip angle of the

sliding surface is about 17–25° and exhibits characteristics of deep

burial depth in the southwest and shallow burial depth in the

northeast. There is a weak interlayer in the sliding zone, which is

composed of broken argillaceous limestone and mudstone clasts

(Figures 3, 4B,C). Many polished surfaces, scratch, and

slickensides were observed in the sliding zone (Figures 4D–G).

Based on the results of direct shear tests, the mechanical

properties of the sliding zone materials are poor, especially in the

saturated state (Table 1).

FIGURE 1
Photos of (A)—location and overview of the Dashuitian landslide, (B)—sliding body at the middle-rear part of the landslide, and (C)—excavation
zone and broken anti-sliding piles at the toe of the landslide damaged during excavation.
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3.3 Sliding bed

The sliding bed is composed of the mudstone, and the

attitude of the strata is 330° with a dip of 25°. The mudstone

is purple, features a medium-thick layered structure and appears

relatively intact compared with the overlying argillaceous

limestone. However, the mudstone near the sliding zone is

highly weathered due to softening by groundwater (Figure 5).

4 Human engineering activities

In the past 20 years, with rapid economic development, many

human engineering disturbances have taken place in the

landslide area, including along Wuliu Road at the rear part of

the landslide, Ring Road at the middle–rear part, the Wu-Da

Expressway at the toe and the G42 Expressway at the leading

edge. Both Wuliu Road and Ring Road cross the sliding body,

forming subgrade slopes with lengths of 450 and 480 m, and

heights of 1–12 and 15–30 m, respectively (Figure 1). The

G42 Expressway is located at approximately 80 m outside the

northern boundary of the landslide and forms a subgrade slope

with a length of 450 m, a height between 25 and 35 m and an

average slope angle of 50°. 18 anti-sliding piles, with a length of

28–30 m, a cross section of 2 m×3 m and a buried depth of

15–25 m, were established at the landslide toe to prevent its

deformation caused by heavy rainfall in August 2008. In August

2019, 30 m3 × 104 m3 of rock and soil masses was excavated, and

13 anti-sliding piles were destroyed at the toe of the landslide

during the construction of the Wu-Da Expressway. As a result of

the excavations, three high-steep slopes were formed at the toe

with heights between 25 and 35 m and a slope angle of 35°

(Figure 1C).

5 Landslide deformation
characteristics

5.1 Field investigation

Five typical old cracks (C13, C14, C18, C19, C20) were

developed prior to this event and were revealed during a detailed

field investigation (Figures 2, 6). C13 is a tension crack of about

30 m in length, 5–20 cm in width and 50 cm in depth, and is located

FIGURE 2
Layout map of the landslide area, showing the stratigraphic boundaries, landslide boundary and the location of boreholes, monitoring points,
inclinometers, exploratory trenches and cracks. C13, C14, C18, C19, and C20 are old cracks induced by previous failure events, and the others are
new cracks caused by this failure event.
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at the rear part of the Dashuitian landslide (Figure 6). C14 is also a

tension crack that developed at the middle-rear part of the landslide

with a length of 2 m and width of 2–4 cm (Figure 6). C18 is a shear

crack located at the leading part of the landslide (Figure 6). The

investigation indicated that these cracks are historical cracks that

were induced by the excavation of the G42 Expressway in

2007 and 2008.

The new deformation signs of the Dashuitian landslide

that were identified during the field investigation mainly

include cracks on the roads and ground surface (Figure 7).

Deformation signs became evident after the heavy rainfall

event of October 4 to 22, 2019, when about 228 mm of

precipitation fell (Figure 8). The new deformation signs

mainly developed at the leading part, rear edge, the

middle-rear part and eastern edge of the landslide. C15,

C16 and C17 developed at the leading part of the

landslide, reaching a length and width of 7–10 m and

1–2 cm, respectively. The deformation signs at the rear

edge developed along Wuliu Road and consist of several

transverse tension cracks, such as C01 and C02. The

length of these is 20–50 m, the width is 1–40 cm and the

visible depth is 20–200 cm. C09–C12 are large tension cracks

along Ring Road at the middle-rear part of the landslide with

a length of 8–120 m. C03–C08 are feathery shear cracks,

located along the eastern edge of the landslide, with a

length of 8–40 m, width of 1–25 cm and depth of 1–50 cm.

Overall, the greatest deformation mainly occurs at the

middle-rear part of the Dashuitian landslide, while the

deformation in the leading part is relatively minor (Figure 2).

5.2 GNSS-based monitoring data

After 30 August 2019, we installed GNSS (Global

Navigation Satellite Systems) in the study area to monitor

the ground deformation, as shown in Figure 2. Based on the

results of the field investigation and the geomorphological

features of the study area, the gully located at the western edge

of the landslide was determined as the western boundary.

Moreover, in order to further determine the northern,

southern and eastern boundaries of the landslide,

monitoring points JC1, JC2, JC3, and JC5 were installed on

the northern side, JC17, JC18, and JC19 were developed at the

southern edge, and JC4, JC9, JC10, and JC14 were situated

along the eastern side. The monitoring results showed that the

cumulative displacement of all 11 monitoring points was

about 2–10 mm, and the deformation rate was only

0.02–0.09 mm/d from August 30 to 2 December 2019,

indicating that the positions of the monitoring points are

relatively stable (Figures 8A–C).

FIGURE 3
Cross sections (sections shown in Figure 2) of the Dashuitian landslide. (A)—Geological I-I′ cross-section; (B)—Geological II-II′ cross-section.
The blue lines are the groundwater levels.
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Regarding the activated zone, two typical stages in the

deformation curves are shown in Figures 8D–F, which

correspond perfectly with the concentrated rainfall events

from October 4 to 22, 2019, with a total precipitation of

228 mm. Monitoring points JC6, JC7, and JC8, which are

located at the open excavation zone in the leading part of the

landslide, had a maximum deformation rate of 1.29 mm/day

before the rainfall event and 1.61 mm/day after the rainfall

FIGURE 4
(A) is a weak interlayer in the sliding zone composed of broken mudstone and argillaceous limestone, which is revealed in Zk16, located at
17.5–18.6 m with a thickness of 1.1 m; (B,C) are argillaceous limestone and weathered mudstone, as revealed in Zk16, with respective depths of
17.7 m and 18.1 m; and (D–G) are revealed in Zk3, Zk7, Zk8 and Zk9, respectively, and contain many polished surfaces and slickensides.

TABLE 1 Shear strength parameters of Dashuitian landslide materials.

Material Natural state
unit
weight
(kN/m3)

Cohesive
(MPa)

Internal
friction
angle (°)

Saturated state
unit
weight (kN/m3)

Cohesive
(MPa)

Internal
friction
angle (°)

sliding
mass

Quaternary
colluvium

20.3 0.021 16.43 20.9 0.017 13.9

Argillaceous
limestone

26.50 7.67 45.41 26.60 6.14 34.06

Sliding
zone

Weak layer 20.4 0.022 16.47 20.9 0.018 14.24

Sliding bed Mudstone 26.20 1.90 37.73 26.30 1.23 28.30
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event. The highest deformation rate of monitoring points

JC11, JC12 and JC13, located at Ring Road in the middle part

of the landslide, reached approximately 1.43 mm/day and

1.87 mm/day before and after the rainfall event, respectively.

The highest deformation rate of monitoring points JC15 and

JC16, located at the rear part of the landslide, was

approximately 0.97 mm/day and 1.25 mm/day before and

after the rainfall event, respectively. In addition, the total

cumulative displacement in the leading (JC6, JC7, and JC8),

middle (JC11, JC12, and JC13) and rear (JC15, JC16) parts of

the landslide were about 85.9–134.7, 96.5–154.3, and

103.1–105 mm, respectively.

5.3 Subsurface deformation
characteristics

Two inclinometers were used to measure the subsurface

deformation, and their positions are shown in Figure 2. The

range of the inclinometer used in this monitoring was ±15°,

and the accuracy was 0.01 mm/500 mm.

The monitoring displacement curve of SY01 indicates that

the displacement increased gradually from the bottom to the

top (Figure 9). An obvious sliding surface was evident between

17 and 20 m. From October 9 to 2 December 2019, the

cumulative horizontal displacement and deformation rate

above the sliding surface reached 78 mm and 1.5 mm/day,

respectively. Based on data from borehole Zk16 (Figure 4A),

the weak interlayer was inferred at a depth of 16–20.5 m,

which is the contact zone between the argillaceous limestone

and mudstone. Given that scratches were apparent in the

borehole core, the contact zone is considered to be a sliding

surface.

The monitoring curve of SY02 shows an obvious sliding

surface at a depth of 19–21 m, and the unstable rock and soil

masses above the sliding surface moved as a whole,

suggesting that the Dashuitian landslide has a well-defined

deep sliding surface (Figures 3, 9). The cumulative horizontal

displacement and deformation rate above the sliding surface

reached 48 mm and 1.6 mm/day from October 20 to

2 November 2019. Based on information from borehole

Zk7 (Figure 4E), the contact zone between the argillaceous

FIGURE 5
(A) is the sliding zone revealed by the excavation; (B) is the softened sliding zone exposed by TC5 (Figure 2) at a depth of 16 m.

FIGURE 6
The typical old cracks developed in 2007 and 2008 due to deformation of the old Dashuitian landslide.
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limestone and mudstone is located at 16.7–19.2 m, and the

sliding surface is interpreted to be located near this

contact zone.

In conclusion, the locations of the sliding surface

revealed by the two inclinometers (Figure 9) are nearly

consistent with the contact zone between the argillaceous

limestone and mudstone revealed by the boreholes

(Figure 4).

6 Discussion

6.1 Influencing factors of the Dashuitian
landslide

The reactivation mechanism of landslides has been

extensively studied from building load (Zhang et al.,

2020), erosion of the slope toe by river (Dai et al., 2016),

FIGURE 7
New deformation signs of the Dashuitian landslide. (A,B) are tensile cracks located at the rear part; (C–E) are shear cracks located at the eastern
edge; (F,G) are large tensile cracks develop along Ring Road at the middle-rear part; (H,I) are tensile cracks located at the leading part.
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heavy rainfall (Huang et al., 2020) and slope cutting (Li

et al., 2008; Yin et al., 2010) for previous research. With

respect to old landslides, the disturbance caused by

excavation and heavy rainfall is more obvious and more

likely to lead to landslide instability due to the existence of

the old sliding zone and old cracks (Zhang et al., 2020).

However, the combined action of engineering disturbance

and heavy rainfall on the reactivation of old landslides is

rarely studied. Under such scenarios, we mainly focus on the

predisposing factors (including tectonic effect and

formation lithology) and triggering factors (including

rainfall and human engineering activities) of the

Dashuitian landslide to study its reactivation mechanism.

Our research may provide a theoretical basis for

reducing the hazard of similar engineering projects

involving slopes.

6.2 Predisposing factors

6.2.1 Tectonic effect
The study area is located in the northwest wing of the

Wushan syncline where the Baishuihe syncline is developed.

Due to the effects of regional tectonic action, the rock and soil

masses in the landslide area are extremely broken (Figure 4) and

easily infiltrated by rainwater and groundwater.

6.2.2 Formation lithology
Broken rock and soil masses compose the Quaternary

colluvium layer of the Dashuitian landslide, which is rapidly

infiltrated by rainfall and surface water due to its loose structure

and good permeability. The underlying layer is argillaceous

limestone, where joints and fractures are well developed due

to tectonic compression (Chai et al., 2013; Yan et al., 2019). These

FIGURE 8
Monitoring results of the cumulative displacement and daily precipitation from August 30 to 2 December 2019. (A–C) are boundary control
points; (D) is located at the open excavation zone in the leading part of the landslide; (E) is located along Ring Road; and (F) has been installed at the
rear part of the landslide. The cyan section corresponds to the period from October 4 to 22, 2019, during which a continuous heavy rainfall event
occurred, with a total precipitation of 228 mm.
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joints and fractures provide channels for the rapid infiltration of

rainwater. The bedrock is mudstone, which is relatively intact

and has poor permeability compared with the upper argillaceous

limestone. Therefore, rainwater can rapidly infiltrate to the

contact surface between argillaceous limestone and mudstone,

and form stagnant water in the sliding zone, especially during

rainfall. A weak interlayer therefore presents near the contact

surface, which is heavily weathered, has poor mechanical

properties and is prone to slippage (Zhang et al., 2020).

6.3 Triggering factors

6.3.1 Human engineering activities
During the construction of the Wuliu and Ring roads, the slope

body showed no obvious deformation signs. In 2007, due to the

construction of the G42 Expressway, a large-scale excavation was

carried out at about 80 m outside the toe of the landslide, causing

apparent deformation for the first time. In order to control the

deformation of the slope, 33 anti-sliding piles were established at the

toe (Figure 2). However, under the influence of concentrated rainfall

in July and August 2008, new deformation occurred. An additional

18 anti-sliding piles were therefore established at the slope toe

(Figure 2). No obvious deformation had occurred since then. In

August 2019, 30 m3 × 104 m3 of rock and soil masses was excavated

from the toe area during the construction of theWu-Da Expressway,

which provided the necessary conditions for reactivation. In

addition, the anti-sliding force of the landslide was reduced due

to damage to 13 of the anti-sliding piles at the toe (Figures 1C, 2),

which triggered the overall slow deformation of the Dashuitian

landslide during August 30 to 22 October 2019 (Figure 8).

6.3.2 Rainfall
Prior to the construction of the Wu-Da Expressway, the

maximum daily precipitation recorded in Wushan County was

384.6 mm on 31 August 2014 (Yan et al., 2019), which is much

higher than the total precipitation of 228 mm that fell from October

4 to 22, 2019 (Figure 8). The maximum recorded daily precipitation

(346.8 mm) did not induce any significant deformation to the

Dashuitian landslide. However, following the construction of the

Wu-Da Expressway in August 2019, the lower rainfall amount

promoted the deformation rate of the landslide, which is supported

by the GNSS-based monitoring data collected after 22 October 2019

(Figure 8). Therefore, compared with engineering activities, the

effect of rainfall was not a decisive factor that led to the

reactivation of the Dashuitian landslide. The concentrated heavy

FIGURE 9
The cumulative displacement monitoring results of inclinometers SY01 and SY02.
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rainfall increased the pore water pressure and reduced the

mechanical properties of the weak interlayer, increased the

weight of the Dashuitian landslide, and finally promoted the

deformation rate. Zhang, 2020.

6.4 Reactivation mechanism

The extensive excavation at the toe of the Dashuitian

landslide provided the sliding space for reactivation.

Meanwhile, the anti-sliding force of the landslide was

significantly reduced due to damage to 13 of the anti-sliding

piles located at the toe. Thus, in August 2019, the Dashuitian

landslide slid slowly along the weak interlayer. Moreover, the

sliding body is composed of loose Quaternary colluvium and

argillaceous limestone broken by tectonic compression, which

provide channels for the rapid infiltration of rainwater. The old

cracks in particular, formed by the deformation of the old

Dashuitian landslide, accelerated the infiltrate process.

Rainwater can therefore quickly infiltrate the sliding body,

increasing the water content of the rock and soil masses

above the sliding zone, and increasing the sliding force of the

landslide. Most importantly, the bedrock is composed of

mudstone, which is relatively intact and has poor permeability

compared with the upper argillaceous limestone. Therefore, the

weak interlayer remained saturated during the heavy rainfall,

which significantly increased its pore water pressure and reduced

the shear strength. This dramatically reduced the anti-sliding

force on the weak interlayer, thereby promoting the deformation

rate of the Dashuitian landslide. Finally, the landslide entered a

state of imminent sliding on 22 October 2019.

7 Conclusion

The Dashuitian landslide is an old landslide with a volume

of 150 m3 × 104 m3, which reactivated in August 2019, and

then entered a state of imminent sliding on 22 October 2019.

The area of greatest deformation is mainly located at the

middle-rear part of the landslide, while the deformation at the

leading part is relatively minor. Based on the field

investigation, monitoring data and drilling results, the

reactivation mechanism of Dashuitian landslide could be

deduced as follows. Tectonic effects and formation

lithology are the main reasons for the formation of the old

landslide. The slope cutting and the damaged anti-sliding piles

at the landslide toe provided the sliding space, reduced the

anti-sliding force and therefore resulted in the reactivation of

the landslide. Moreover, the concentrated rainfall increased

the weight of the Dashuitian landslide, reduced the

mechanical properties and increased the pore water

pressure of the weak interlayer and finally promoted the

landslide to enter a state of imminent sliding. Our research

may provide a theoretical basis for reducing the hazard of

similar engineering projects involving slopes.
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Study on the electric resistance
method in crack depth
measurements
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Shufa Yan1,2, Liang Hu1,2, Jiahao Wang1,2 and Hanxuan Luo1,2

1School of Civil Engineering and Transportation, Hohai University, Nanjing, China, 2Key Laboratory of
Geomechanics and Embankment Engineering, Hohai University, Nanjing, China

Obtaining geometric parameters, especially depth, and describing the
morphological characteristics of cracks are of great significance to control
engineering disasters and accidents caused by cracks. The electric resistance
method is based on the principle of differences in electrical properties between
cracks and soil, which could be used to measure the single crack depth at project
sites. There exists an Rmin value corresponding to a specific electrode distance d
value at each Rf-d value obtained by laboratory experiments. Furthermore, a two-
dimensional finite element model of soil with a single crack is established to carry
out numerical simulation analysis considering the crack width W, crack depth D
and complex crack conditions. The results reveal dynamic variation rules of soil
resistance after crack development, and for each Rf-d value, the electrode
distance d value corresponding to the Rmin value is approximately equal to the
crack depthD. In the range of the electric field, the offset and rotation of the crack
have little effect, while the measurement results have a strong dependence on
relocation movement. The regulation gives guidance to the inversion analysis of
crack depth D at project sites and has been applied in crack depth measurements
of an expansive soil slope. The electric resistance method as a proposed
integrated approach is of great significance and brings new perspectives into
the study of crack depth measurements for field applications.

KEYWORDS

crack depth, electric resistance method, numerical Simulation, field application, finite
element analysis

1 Introduction

Due to global climate changes, continuous extreme aridity has increased substantially in
East and South Asia, Africa, southern Europe and eastern Australia (Dai, 2011), imposing
detrimental impacts on the regional environment, infrastructure construction and people’s
livelihoods. Influenced by aridity and desiccation, a large amount of water evaporates from
the soil, resulting in soil shrinkage (Lakshmikantha, et al., 2012), crack development and
changes in the soil physical and mechanical properties (Albrecht and Benson, 2001; Dyer,
2005; Hallett and Newson, 2011; Costa et al., 2013; Kodikara and Costa, 2013; Kong et al.,
2017). The existence of cracks destroys the soil integrity and contributes to attenuation of the
soil strength (Lozada et al., 2015; Kong et al., 2018). At the same time, the large crack
networks provide many seepage channels for the migration of water (Yuan and Yin, 2004;
Krisnanto et al., 2014; Li et al., 2017), leading to the deterioration of soil physical and
mechanical properties (Chaduvula et al., 2017; Trabelsi et al., 2018). Therefore, cracks are a
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direct or indirect incentive for many kinds of geotechnical,
geological and geo-environmental problems. For instance, the
formation of cracks leads to a decline in expansive soil slope
stability and accelerates rainwater infiltration, which is prone to
cause landslides (Yin et al., 2012; Xie et al., 2020; Zhang et al., 2021).
Crack development may bring about a decrease in the foundation
bearing capacity or an increase in the foundation soil
compressibility, causing the inclination or even collapse of the
construction (Ramana, 1993; Lozada et al., 2015). Cracks in dams
are likely to generate dam bursts (Dyer et al., 2009; Khandelwal et al.,
2013). In waste disposal storage, the cracks in the soil layer of the
isolation zone contribute to the leakage of pollutants (Hewitt and
Philip, 1999; Rayhani et al., 2007; Baram et al., 2013).

In recent years, increasing attention has been given to the
problem of cracks in geotechnical and geological engineering
(Baer et al., 2009; Shin and Santamarina, 2011; Hirobe and
Oguni, 2016; Tollenaar et al., 2017; Vo et al., 2017; Wang et al.,
2017; Pouya et al., 2018; Tang et al., 2018; Vo et al., 2018;Wang et al.,
2018; Li et al., 2019; Ruan et al., 2021). Obtaining the geometrical
parameters of the primary crack after development, especially the
depth, can be used to control engineering disasters in a more
accurate, efficient and economical way. For example, to control
expansive soil slope landslide disasters by replacing cement-based
materials or other treatment methods, it is urgent to determine the
depth of slope failure. Otherwise, it will cause huge economic waste,
and the treatment effect cannot be guaranteed (Cai and Li, 2018).

Scholars worldwide have used a series of direct and indirect
methods to obtain the geometric parameters of cracks. Lu et al.
(2002) defined crack damage variables based on CT data and
analyzed the variation rule of crack damage variables with
cumulative dry shrinkage. X-ray CT, as a non-destructive, non-
invasive, real-time and 3D visualization method of the inner
microstructures, has provided a promising way to observe the
geometry of cracks in test specimens in real time and explore the
mechanical behaviors and damage mechanism of geomaterials (Li
et al., 2015; Yang et al., 2015; Cala et al., 2016; Kim et al., 2016; Yu
et al., 2016; Zhao and Zhou, 2020). Stewart et al. (2012) used a
horizontal recorder connected to a crack to record the water level in
the pipe corresponding to volumetric changes in the crack. The
methods above are capable of describing the crack geometric
parameters dynamically, quantitatively and non-destructively, but
the machines are expensive and demand high-quality operation
confined to the laboratory. Moreover, scholars worldwide have
carried out theoretical algorithm methods and established crack
depth calculation models based on the mechanism of crack
development and various mechanics, such as linear elastic
mechanics and fracture mechanics (Morris et al., 1992; Chertkov,
2000; Zhen et al., 2006; Taghavi et al., 2010; Zhu et al., 2020).
However, the predicted value of the crack depth obtained by
theoretical calculations is the initial development crack depth,
not the final development depth in the stable state. Meanwhile,
theoretical calculations contain various assumptions, and there
exists a large deviation between the predicted value and the
actual value.

Compared with the methods above, the electrical resistivity
method as a non-destructive technique has strong operability.
Based on differences in the electrical properties between cracks
and the soil, a series of tests in the laboratory and in situ

measurements have been conducted with the electrical resistivity
method to perform tomography scans, which proved the
applicability of using electrical properties to express crack
development and the geometrical shape (Samouëlian et al., 2003;
Samouëlian et al., 2004; Ackerson et al., 2014; Jones et al., 2014;
Gunn et al., 2015; Tang et al., 2018; An et al., 2019). Various
approaches to invert 1D, 2D and 3D resistivity data have been
published (Sultan et al., 2006; Pidlisecky et al., 2007; Park et al., 2009;
Jones et al., 2012; Damavandi et al., 2022). Inversion of 2D resistivity
data has been used to interpret geoelectrical resistivity data and
construct 2D images of subsurface structures. The electrical
resistivity imaging technique can be used to recognize
underground structures by observing contrasts in the subsurface
resistivity distribution (Sungkono et al., 2014; Neyamadpour, 2018;
Fma et al., 2022). This method provides a new viewpoint for crack
quantitative studies, and the operation requirements are relatively
easy to satisfy, but the study is limited to laboratory experiments.
Although the electrical resistivity imaging technique has been used
to describe the crack distribution underground in situ, there still
exists a problem of deviation, which cannot be ignored, owing to
simplification in the complex inversion process.

Focusing on the primary crack, which is rather long and plays a
decisive role in engineering safety, the study reported herein
proposes a new method to carry out crack depth measurements
for better field applications, i.e., the electric resistance method based
on the theory that the soil resistance after the test current passes
through the soil could reflect the internal structure of the soil mass
indirectly. Laboratory experiments are conducted, and a two-
dimensional finite element model of soil with a single crack is
established to carry out numerical simulation analysis
considering the measurement soil resistance Rf under the
influence of the crack width W, crack depth D and complex
crack conditions. Based on the study above, the quantitative
relationship between crack depth and the electrode distances is
obtained, which is applied to measure the crack depth of an
expansive soil slope and verified.

2 Experimental analysis

2.1 Electrical resistance method

The resistance of soil is usually tested by a four-electrode
measurement system. According to Ohm’s law, the resistance of
soil with a single crack can be expressed as (Figure 1):

Rf � ΔU
I

� 1
K
ρ � 1

K
ρ w, T, F W,D, L( )[ ] (1)

K � 2π/ 1
AM

− 1
AN

− 1
BM

+ 1
BN

(2)

where I is the injected current (A); ΔU is the electric potential
difference between M and N; MA, MB, NA and NB represent the
relative spacing (m) between the electrodes M and A, M and B, N
andA, andN and B, respectively; K is the electrode coefficient, which
represents the geometry and the spatial position of the electrodes
and comprehensive influence on the results caused by the electrodes;
F is the crack influence function, which is related to the crack width
W, crack depthD and crack length L; and ρ is the resistivity function,
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the value of which is mainly related to the moisture capacity w, the
temperature T and the crack influence function F for the same soil
sample.

The resistance of soil with a single crack is related to the
electrode spatial position and electrical resistivity, the two
variables of which are analyzed as follows. The soil resistivity
is impacted by basic soil physical properties, which include the
mineral composition, arrangement, size and shape of soil
particles, pore structure and external environmental factors.
The environmental factors are made up of many aspects, such
as moisture capacity w and temperature T. To explore the
regularity between crack development and the resistivity
measurement value and decrease the influence of external
factors as much as possible, the parameter logarithm of the
resistance ratio Nr is defined, and Nr = ln(Rf∕R0), where Rf is
the resistance value of soil with a single crack under certain
external conditions and R0 is the resistance value of the identical
soil sample with no fissure under the same external conditions. In
the site measurement process, when the moisture capacity w and
temperature T are controlled at certain values, R0 is a constant
value, and the value of Nr is only related to the crack influence
function F. During the study, the test electrode pair is almost
symmetrically distributed perpendicular to the crack, which
means that the spatial position of the electrodes only has a
correlation with distances between two electrodes d. The
problem is transformed to studying the ascending trend of the
Nr value with the development of the crack and under the same
crack development condition and the effect of different distances
between two electrodes d on the Rf value.

2.2 Material

The mineral composition and physical properties of the
expansive soil collected from the Central Line Project of South-
to-North Water Diversion are summarized in Table 1. According to
the USCS classification, it is a fat clay (CH) (ASTM, 2011). To ensure
that there are no impurities in the soil sample that could lead to some
disturbances, the coarse particles in the soil sample should be
eliminated after retrieval of the soil sample.

2.3 Specimen preparation

The natural soil retrieved from the field was oven-dried, crushed
and sieved in the laboratory. The soil powder was homogeneously
mixed with water to reach an initial water content of 20%, and then a
soil square mold with an internal size of 400 mm in both the length
and width and 200 mm in height was made for specimen
preparation in this study. The soil mold was placed in a special
Plexiglas mold and then sealed in an air-proof plastic bag for 72 h to
allow a uniform distribution of moisture within the soil in the
underground room at a temperature of 20 °C. The test electrodes
with a length of 17.0 mm and a diameter of 1.5 mm were fabricated
by plating platinum black. The part of the electrode embedded in the
soil is approximately 2 mm, which is much less than the value of the
soil sickness to minimize the influence of the electrode size on the
measurement resistance Rf. To reduce the disturbance of the
electrode arrangement on the measurement resistance Rf, the
current electrodes and the test electrodes are located on the same
measurement points. The electrodes were symmetrically arranged
perpendicular to the crack development plane.

2.4 Experimental method

The integrated experimental setup used in this study consists of
a specially designed sample mold and three monitoring systems, as
shown in Figure 2: an electrical resistance acquisition (ERA) system
(electrical resistance measuring equipment (EMA) and connective
electrodes), a temperature and relative humidity (RH) monitoring
(T/RHM) system (TES-1370, with an accuracy of±0.1°C for
temperature and ±3% for RH) and a data analysis (DA) system
(monitoring system). The details of the equipment are shown in
Figure 2. The electrical resistance measuring equipment has the
function of power supply, control, transmission, storage and display.
Meanwhile, the integrated experimental equipment could be used in
the engineering field because of the use of anti-interference means
such as configuration of the stabilized filter chip. The T/RHM
system was installed close to the soil sample to monitor the
variations in ambient temperature and relative humidity (RH)
during the test. All data and images were automatically recorded
and displayed by a computer connected to these systems. The DA
system was employed to postprocess the data and draw the initial
data curve.

In the experiments, seven different crack depthD values and five
pairs of measuring points were designed to study the variation rules

TABLE 1 Mineral composition and physical properties of the clay.

Mineral composition Content
(%)

Soil
properties

Values

Montmorillonite 12 Free swelling ratio 50.0%

Illite 17 Specific gravity 2.71

Hydromica 18 Plastic limit 25.3%

Chlorite 24 Liquid limit 55.0%

Kaolinite 8 Dry density 1.49 g/
cm3

Quartz 10 USCS classification CH

Feldspar 2

Calcite 9

FIGURE 1
Schematic view of the four-electrode method: dashed lines
indicate the current flow through the medium (An et al., 2019).
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of the logarithm of the resistance ratio Nr values when the crack
developed along the depth direction at each electrode distance d and
the influence of electrode distance d change on soil resistance
measurement Rf at each crack depth D. During the experimental
procedure, the development of the crack was simulated by cutting
the crack in the center of the sample with a soil adjusting knife. To
restore the whole crack development process as much as possible,
the crack development depth D values were selected as 0 cm, 2 cm,
3 cm, 4 cm, 6 cm, 8 cm and 10 cm. By changing the position of the
measuring points, the electrode distance d was changed to simulate
different electrode placement positions. The electrode distance d
values were 6 cm (AA’), 12 cm (BB’), 18 cm (CC’), 24 cm (DD’) and
36 cm (EE’). The arrangement of the measuring points is shown in
Figure 2B.

The soil particles and water in the soil are both polarizable
materials. During the experimental procedure, the resistance
measurement file of the multimeter was employed to discover the
variation rules of the resistance measurement Rf value of different
soils with time under the circumstances of direct current regulated
voltage (DC regulated voltage) and alternating current constant
current (AC constant current), which is shown in Figure 3. The soil
resistance measurement Rf values exhibited irregular changes under

DC regulated power supply mode, while the values were relatively
stable over time under AC constant current power supply mode. To
ensure the repeatability of the experiments, the AC constant current
power supply mode was adopted. Although the measurement
resistance Rf values tested by this method tended to be
influenced by the soil capacitance and inductive impedance, the
results were relatively stable and had little effect on the analysis of
the measurement resistance Rf under the development of the soil
crack.

After selection of the power supply, the test electrode pair was
arranged at the AA’ measurement point to test the resistance Rf

value of the soil with no crack. During the experimental procedure, a
soil knife was used to cut a crack running through the soil, the depth
of which was 2 cm. Then, the location of the electrode pair was
changed from BB testing points to EE testing points to obtain the
measurement resistance Rf values under different electrode distances
d when the crack depth D was 2 cm. A soil knife was employed to
change the crack depth D to test the measurement resistance Rf

values under the circumstances of every crack depth D and five
groups of electrode distances d.

2.5 Results and discussion

During the experimental procedure, the measurement resistance
Rf values of different crack development depths D and different
measurement points were recorded by the DA system. The curve of
the logarithm of the resistance ratio Nr and crack depth D and the
curve of measurement resistance Rf values and electrode distances d
are drawn in accordance with data from the experiments. The
experimental results are shown in Table 2, and the curves are
presented in Figure 4.

It is known from the variation ofNr values with changes of crack
depth D (Figure 4A) that the development of the crack results in
partial partition of the soil. Due to the high resistance of air, the
resistance of partial soil surges and the measurement resistance
values present a noticeable change. The resistance of soil with a
single crack increases as the crack develops along the depth
direction. Moreover, according to the variation amplitude of the
curve in Figure 4A, it is demonstrated that the curves of AA’ and BB’
are in the shape of an S overall, and the variation amplitude of Nr

values rises and then slows with crack development along the depth

FIGURE 2
(A) Schematic diagram of the experimental setup, including the soil samples, ERA system, T/RHM system and DA system; (B) Schematic view of the
experimental mold (unit: mm).

FIGURE 3
Changes in soil resistance Rf values with time.
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direction. When the crack depth D is approximately half of the
electrode distance d, the corresponding variation amplitude of the
AA’ and BB’ curves reaches the maximum. In detail, the
corresponding variation amplitude of the AA’ and BB’ curves
reaches the maximum (kmax) when the crack depth is
approximately 3–4 cm for the AA’ curve and the crack is in the
depth range of 6–8 cm for the BB’ curve. The curves of CC’, DD’ and
EE’ show an upward trend, and there is a growing increase in the
variation amplitude.

Figure 4B illustrates the variation in the resistance Rf values with
changes in the electrode distance d. It is demonstrated that the soil
resistance increases constantly as the crack develops along the depth
direction. There is a linear relationship between the electrode distance d
and the measurement resistance Rf values with no crack. When the
crack develops, the curves are in the shape of a U overall. Each curve has
the lowest point where eachRmin value corresponds to a specific d value.

This phenomenon is due to the existence of an inhomogeneous
medium, which results in distortion of the electric field. The specific

TABLE 2 Record sheet of measurement resistance Rf values (Ω).

Crack depth measuring point 0 cm 2 cm 3 cm 4 cm 6 cm 8 cm 10 cm

AA’ (6 cm) 38.88 41.15 42.23 45.79 50.77 55.96 60.25

BB’ (12 cm) 42.88 43.63 44.49 46.55 50.01 54.66 58.73

CC’ (18 cm) 45.26 45.80 46.77 48.07 51.09 54.98 58.83

DD’ (24 cm) 48.28 49.04 49.90 51.31 53.69 57.58 62.08

EE’ (36 cm) 54.44 54.66 55.85 56.82 58.77 62.55 66.70

FIGURE 4
(A) Variation in Nr values with changes in crack depth D; (B) Variation of measurement resistance Rf values with changes in the electrode distance d.

FIGURE 5
Electric potential iso-surface schematic views with changes in the crack width (D=10 m): (A) W = 0.001 m; (B) W = 0.1 m.
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degree of distortion impact depends on the influence range of the
electric field. The current between electrode pairs is conducted
through the soil. When the crack impedes current conduction
between electric pairs, the measurement resistance Rf values of
the electric pair decrease. The measurement resistance Rf values
of the electric pair would not be affected if there is no block of the
crack. It could be speculated that the Nr value depends on the
morphological characteristics of the crack. There exists a regular
variation in the Nr value with the crack developing along the depth
direction. Meanwhile, there is an underlying regulation of the
electrode distance d corresponding to the Rmin value in each Rf-d
curve. The quantitative relationship is further explored by numerical
simulation.

3 Numerical simulations

3.1 Numerical models and boundary
conditions

There are inherent drawbacks for laboratory tests in regard to
the influence of the crack width W, crack depth D, crack length L
and complex crack conditions on the measurement resistance Rf

values. Owing to the limitation of the model sample size and
discontinuity of the crack depth D values in laboratory tests, it is
difficult to explore the specific crack depthD value when the slope of
the Nr-D curve reaches the peak and the specific electrode distance d
corresponding to the Rmin value in the Rf-d curve. To further study
the quantitative relation and probe into the possibility of crack depth
D inversion, numerical analysis is conducted below.

The influence range of the electric field is spherical and has the
obvious characteristic of symmetry. For the primary crack at the site,
more than one pair of electrodes is arranged from end to end of the
surface crack to portray a general view of the crack underground,
owing to the effective range of the electric field. Therefore, the two-
dimensional profile with crack width W and crack depth D is taken
to conduct further study.

The two-dimensional finite element model of soil with a single
crack is established by the software COMSOL Multiphysics, and the
interface of static electricity is conducted to perform the numerical
calculation.

Because the actual geological conditions of simulated soil with a
single crack are complicated, appropriate assumptions are made
according to geological conditions to ensure the reliability of
numerical analysis: (a) The simulated soil area is a semi-infinite
space. (b) Soil is a continuous homogeneous medium, and the
physical parameters of the soil are regarded as constants. The
change in the electric field has no effect on the physical
properties of the soil. (c) In the process of crack development,
the soil does not deform in any direction.

The calculation region of the two-dimensional finite element
model of soil with a single crack is 200 m × 100 m. The power supply
electrodes and the measuring electrodes are arranged at the same
measuring point. The pair of electrodes contains a constant current
input source and a constant current output source. The surface
current density is set to ±0.1 C/m2. The crack resistivity is
100,000Ωm, and the soil resistivity is 100Ωm. The Earth
surface is set as an insulation boundary and the ground
boundaries along with the infinite ground to the Earth.

The calculation must meet the following conditions.
Constant current equation:

∇ · J + z∇ · D
zt

� 0 (3)

Constitutive relation for linear materials:

D � ε0εrE (4)
J � σE (5)

Electric potential equation:

−∇V � E (6)
Combining Eqs 3 and 4, 5 and 6, the following can be obtained:

−∇ · σ∇ + z ε0εr∇V( )
zt

( ) � 0 (7)

Electrostatic quasi-static equation:

n · J2 − J1( ) � Jn (8)
n · E2 − E1( ) � 0 (9)

In the equations, ∇ is the Hamiltonian operator; J is the current
density vector; D is the electric displacement field; t is time; ε0
represents the dielectric constant in free space; εr represents the
relative dielectric constant; E is the electric field intensity; σ is
electrical conductivity; V is the electric potential; and Jn is the
current along the normal phase.

The regular patterns of influence on the electric field of soil
containing a single crack considering the crack widthW, crack depth
D and the complex crack conditions are discussed as follows. The
study is carried out from qualitative and quantitative angles,
i.e., qualitatively observing the electric field distribution under the
development of the crack and quantitatively exploring the change in
the Nr value under the development of the crack and the Rf value
with different electrode distances d under the same crack depth.

FIGURE 6
Nr-W curve with the change in the crack depth D.
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3.2 Crack width W

Considering the practical crack conditions, the study explores
the changes in Nr values when the crack width W ranges from
0.001 m to 0.5 m at different crack depth D values. The profile of
the geoelectric model of soil with a single crack is obtained to
carry out analysis of the numerical simulation results under the
change in W.

The equipotential surface schematic views of planforms with
the change in the crack width W are shown in Figure 5.
According to the electric field distribution diagrams
(Figure 5), the change in the crack width W has no obvious
influence on the electric field distribution when the W value
changes from 0.001 m to 0.1 m.

Taking crack depths of 0.1 m, 1 m, and 10 m as examples, the
soil electrical parameters could be adopted with the change in the
crack width W ranging from 0.001 m to 0.5. Based on the soil
electrical parameters, the quantitative relationship of the logarithm
of the resistance ratio Nr and the crack width W will be explored.

Figure 6 shows the Nr-W curve with the change in the crack
depth D. The Nr value has a remarkable increase with the crack
developing along the crack depth direction. Compared to the change
in the Nr value caused by the crack developing along the depth
direction, the Nr value barely changes with the crack developing
along the width direction. Based on the basic theory of electric fields,
it is speculated that the trend of the crack width is consistent with the
trend of the electric field lines, which are unable to impede the
conduction of current between two electrodes. In the following
calculation and analysis, the crack width W is set to 0.05 m.

3.3 Crack depth D

Keeping the crack width constant at W=0.05 m, the profiles of
soil with a single crack are obtained to conduct an analysis of two-
dimensional numerical simulation with the change in the crack
depth D.

Figure 7 demonstrates the equipotential surface schematic views
with changes in the crack depth D. The electric field distribution
diagrams above illustrate the regulations that with regard to the
semi-infinite uniform layer, current is transmitted homogeneously
through the soil when the crack is not developed (a). When the crack
develops from the ground along the crack depth direction and the
depth of the crack is shallow, the distribution of the electric field in
the soil changes slightly (b). When the crack depth D exceeds the
electrode distance d, the electric field distribution generates obvious
distortion, and the field presents an overt distribution along the
crack depth direction at the crack location, owing to the impediment
of current transfer by the crack (c and d).

From a quantitative perspective, the study is divided into two
aspects: the ascending trend of the Nr value with the development of
the crack and the effect of different electrode distances d on the Rf
value at the same crack depth D. In regard to the study of Nr values,
the electrode distances d are set to constant values. To facilitate the
analysis and comparison of data, the study defines a parameter crack
depth ratio Dr, which means the crack depth D is divided by the
electrode distance d. In the process of numerical simulation, the test
electrode pair is symmetrically distributed almost perpendicular to
the crack. The electrode distance d values are set to 1 m, 2 m, 3 m,
4 m, and 5 m. The Dr values range from 0 to 10, and the crack width

FIGURE 7
Electric potential iso-surface schematic views with changes in the crack depth D (d=2 m): (A) D= 0 m; (B) D= 0.2 m; (C) D = 2 m; (D) D = 10 m.
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W is set to 0.05 m. The Nr-Dr curve is drawn to explore the dynamic
variation regulations.

The crack widthW value is set to 0.05 m, and the crack depth D
values are set to 1 m, 2 m, 3 m, 4 m, and 5 m. The test electrode pair
is symmetrically distributed almost perpendicular to the crack, and
the electrode distance d values range from 0.1 m to 10 m. The curve
of Rf-d is drawn to explore the quantitative relation of the
parameters D and d.

It is demonstrated that the Nr-Dr curve of the crack is in the
shape of an S overall (Figure 8). The slope of the curve is defined as k,
and the value of k shows an increasing and decreasing trend. The
change in the curve manifests obvious periodic characteristics. In the
first period, when the depth of the developing crack is shallow, the
increase in the amplitude of the Nr value is relatively slow, and the k
value is small. In the second period, the increase amplitude of the Nr

value is great. There exists an explosion for the k value, which
reaches the peak when Dr is approximately equal to 0.5. In the third
period, whenDr surpasses 1, theNr value does not grow substantially
and only increases slightly. The k value begins to wane.

Figure 8 demonstrates that the Rf-d curve is in the shape of a U.
The value of the resistance value of the soil with the single crack Rf
starts from the maximum value and gradually decreases to the
minimum value Rmin. Subsequently, the Rf value presents the
tendency of a moderate increase. Thus, for estimating the
unknown crack depth D, the operators could change the value d
in the vicinity of the crack to measure the relative change in the Rf
value. The variation curve Rf-d is drawn to determine the value d
corresponding to the Rmin value. At this point, the crack depth D is
approximately equal to the electrode distance d, that is, D ≈ d.

The findings could be drawn as a new method, i.e., the electrical
resistance method, which could be employed to conduct crack depth
measurements in engineering projects. Regarding the primary crack,
electrode pairs are arranged from end to end of the surface crack in
accordance with the measurement points. Rf-d curves could be
drawn by changing the electrode distance d values. The crack
depth D value in each measurement point pair is approximately
equal to the electrode distance d corresponding to Rmin. Combining
every crack depth D value could obtain the general view of the
underground crack by this method. However, the method requires
the electrode pair to be symmetrically distributed perpendicular to

the crack. which is difficult to realize in situ. Therefore, the influence
of asymmetry measurements on the results is studied below.

3.4 Complex crack conditions

Symmetry electrodes and the ideal crack location are quite hard
to realize in actual measurements, so it is of great necessity to analyze
the influence of asymmetry measurements on the results of the soil
resistance test and the crack depth measurement method. The
profile of a two-dimensional finite element model of soil with a
single crack is carried out to conduct the study. The study considers
the conditions, including the relocation, the offset and the rotation
of the crack, and changes in the relative position to explore the
electric field change rule of soil with a single crack model (Figures 9,
12, 13).

The crack depth D is set to 1 m, the crack widthW is set to 0.05 m
and the electrode distance d is set to 1 m. To represent the relative
position relationship of the crack, the parameters of the relocation
distance ratio of the crack Wr, the offset distance ratio of the crack Pr
and the rotation angle of the crack θ are defined. The Wr value stands
for the ratio of the crack outward displacements along the crack length
direction to the crack depthD. The Pr valuemeans the ratio of the crack
offset displacements between the electrode pair to the electrode distance
d. When deliberating θ, it is stipulated that the rotation angle of the
crack perpendicular to the electrode line is 0° and 0°≤θ≤90°.

The Wr value ranges from 0 to 5, which means that the crack
outward displacements along the crack length direction range from
0 m to 5 m. The Nr-Wr curve is drawn in the process of crack out-
shift. The Pr value ranges from −0.4 to 0.4, which means that the
crack offset displacements between the electrode pair range
from −0.4 m to 0.4 m. The Nr-Pr curve is drawn in the process of
crack offset. In the study process, the rotation angle of the crack
perpendicular to the electrode line is 0°, and the θ value ranges from
0° to 90°. TheNr-θ curve is drawn in the process of crack rotation. To
make a comparison, one Nr-Dr curve is set as the standard situation.

In terms of the Nr-Wr curve (Figure 10), the Nr value continues
to decrease asWr changes from 0 to 5. WhenWr is equal to 0.5, the
Nr value is half of that of the crack in the middle of the electrodes
(the standard situation in Figure 10). According to the Nr-Pr curve

FIGURE 8
(A) Nr- Dr curve with changes in the electrode distance d; (B) Rf-d curve with changes in the crack depth D.
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(Figure 10), the curve presents a downward trend, but compared to
the increase in the Nr value caused by crack development along the
crack depth, the curve declines slowly in Figure 10. In other words,
in the actual measurement process, there is some asymmetry when
the electrodes are embedded, which has little influence on the
measurement results. In light of the Nr-θ curve, the curve shows
an upward trend, but compared to the increase in the Nr value
caused by crack development along the crack depth (the standard
situation in Figure 10), the curve rises slowly in Figure 10. In
particular, when θ is less than or equal to 40°, the Nr value barely
changes.

In the actual measurement process, the electrodes have some
asymmetry with the crack when buried, which has little influence on

the measurement results. When the crack exists within the influence
range of the electric field, it could impede current conduction
between electrodes, but the measurement results have little
correlation with the specific position of the crack in the electric field.

4 Practical engineering

4.1 Engineering situation

An expansive soil slope in Jiangsu Province in China is typical of
slope instability in landscape areas. The landslide still creeped when
it rained. Obvious landslide features such as crack phenomenon,

FIGURE 9
Electric potential iso-surface schematic viewwith changes in the relocation, offset and rotation of the crack: (A) Pr = 0.2; (B) Pr = 0.4; (C)Wr = 0.5; (D)
Wr = 1; (E) θ = 30°; (F) θ = 80°.
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collapse, and hump emerge in the landscape area. Different types of
cracks appear in the upper part, both sides and the lower part of the
landslide. Under the influence of rain, the landslide continued from
time to time, posing a serious threat to traffic and life safety. The
landslide has a maximum elevation of 27.0 m at the back edge and

10.0 m at the front edge with a slope of 11°. Generally, the slope is
relatively slow.

The physical and geological phenomena of landslides are
relatively well developed, including cracks and collapses. The
width of the cracks is between 5 cm and 15 cm. The depth is

FIGURE 10
(A) Nr-Wr curve and Nr-Pr; (B) Nr-θ curve.

FIGURE 11
(A) Expansive slope landslide; (B) Survey profile diagram.

FIGURE 12
(A) Diagram of measurement resistance Rf after rainfall; (B) Measurement resistance Rf after a week without rain.
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approximately 2.0 m, and shallow cracks are approximately 0.5 m.
The wider cracks are mostly oriented in the east‒west direction and
mostly arcuate. There are three main cracks on both sides of the
landslide body, which are often accompanied by small feather-like
cracks parallel to the sliding direction. The lower part of the
landslide is obviously swollen, forming a typical slide tongue of
the landslide. The main crack of the landslide is taken as an example
to conduct crack depthmeasurements bymeans of the soil resistance
method.

4.2 Measurement procedure

For the measurement of the depth of the main crack in
expansive soil, 13 measurement sections, i.e., #0–12, were
selected along the vertical direction of the crack (Figure 11).
The sections were not parallel and were approximately 1 m apart.
A metal rod was used as the measuring electrode. The metal rod
was inserted into the soil up to 10 cm to ensure good contact with
the soil and no shaking of the metal rod. The electrode layout was
perpendicular to the fracture profile and symmetrically
distributed along the crack. The electrode distance d ranged
from 1 m to 11 m. Data were recorded and analyzed by the
DA system. It must be guaranteed that there was no rain
during the measurement procedure, which began 1 week after
rain. During the process of water absorption and loss of the
expansive soil slope, the expansion and contraction cracks
developed and closed along the depth direction.

4.3 Results

The central profile (#6) was selected for analysis, and the curves
of resistance measurement Rf and electrode distance d on the second
day after rain, the third day after rain and 1 week after rain were
drawn, which were denoted T2, T3 and T7, respectively. The
resistance 1 week after rain was measured repeatedly (Figure 12).

The data showed (Figure 12) that as time progressed, the soil
cracks developed along the depth direction due to the drying
shrinkage, resulting in an increase in the resistance measured
between electrodes. The electrode distance d values
corresponding to the lowest point of the T1, T2 and T7 curves

are approximately 1 m, 1 m and 1.5 m, respectively. According to
the above rules of crack depth D and electrode distance d, the crack
depths of T1, T2 and T7 are 1 m, 1 m and 1.5 m, respectively.
Similarly, 11 profiles were measured on the same day to detect the
development depth of fractures at different profiles, and a schematic
diagram of the depth and shape of fractures in the longitudinal
profile was drawn (Figure 13). To verify the probe results, a test pit
survey was conducted, and the results are shown in Figure 13. The
crack depth measured by the electric resistance method is consistent
with the drilling results.

5 Conclusion

This study explores a new method to conduct crack depth
measurements in engineering projects by means of combining
laboratory tests and numerical modeling analysis. The following
conclusions can be drawn:

(1) The laboratory tests determined that there exists a regular
variation in the Nr value with the crack developing along the
depth direction. Meanwhile, there is an underlying regulation of
the electrode distance d corresponding to the Rmin value in each
Rf-d curve.

(2) The numerical modeling analysis further shows that the Nr-Dr

curve is in the shape of an S. The slope of the curve reaches the
peak when Dr is approximately equal to 0.5. The Rf-d curve is in
the shape of a U. The d value corresponding to the minimum
value Rmin is approximately equal to the crack depth D. The Nr

value barely changes with the change in crack width. In the
range of the electric field, the offset and rotation of the crack
have little effect, while the measurement results have a strong
dependence on relocation movement.

(3) Regarding the primary crack, electrode pairs are arranged from
end to end of the surface crack in accordance with the
measurement points. Rf-d curves could be drawn by
changing the electrode distance d values. The crack depth D
value in each measurement point pair is approximately equal to
the electrode distance d corresponding to Rmin. By means of this
electrical resistance method, a general view of the crack
underground could be portrayed. This method was employed
to measure the crack depth of an expansive soil slope and

FIGURE 13
(A) Crack depth distribution map; (B) Drilling result of #6.
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verified by comparing the measurement results and drilling
results.

In this paper, the quantitative relationship between crack
development and electrical parameter changes is confirmed from
the point of view of experiments and numerical simulations.
However, it should be pointed out that the development and
evolution of soil cracks exist in three-dimensional space, so it is
inevitable that the geometric parameters of cracks cannot be
accurately measured in two-dimensional studies, and there is
some deviation from the actual situation. However, for the
prevention and control of expansive soil slope engineering, the
deviation is within the allowable range. In the future, the
application of the electric resistance method in the development
of three-dimensional soil cracks will be further explored.
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Given the inconsistency between the information value and theweight value in the
weighted information valuemodel, a weight model based on the Apriori algorithm
is established in this paper to analyze the correlation between the second-level
intervals of disaster factors and the susceptibility of geological disasters. The
objective weight of the second-level intervals of each index factor is calculated
through the mining of association rules by the Apriori algorithm. The subjective
uncertainty of the existing second-level factor weighting method is eliminated.
Taking the geological disaster data of Xiangtan urban area as an example,
10 evaluation indexes were selected to establish the entropy weight method-
information value (EWM-IV) model and the entropy weight method-Apriori
algorithm-information value (EWM-Apriori-IV) model to evaluate the geological
disaster susceptibility, and the disaster area ratio and the receiver operating
characteristic curve (ROC) verification method were used to test and analyze
the evaluation results. The results showed that comparedwith the EWM-IVmodel,
the EWM-Apriori-IVmodel is used to evaluate the disaster area ratio of high-prone
area increased by 58.3%, and the disaster area ratio of low-prone area decreased
by 43.1%, the area under the curve (AUC) increased by 7.4%, and the evaluation
accuracy was relatively improved compared with the former. This paper proves
the rationality and practicability of the weighting method of the geological hazard
susceptibility evaluation index based on the Apriori algorithm.

KEYWORDS

apriori algorithm, susceptibility evaluation, weighted information value model, rule of
association, second-level factor weight

1 Introduction

Geological hazard susceptibility evaluation is an important link and basis for disaster
prevention and reduction (Chen et al., 2005; Ma et al., 2021). Currently, the commonly used
susceptibility evaluation models include analytic hierarchy process model (Chung and
Fabbri, 1999; Wang et al., 2009; Xu et al., 2009), weighted information value model
(Wang et al., 2014; Jiao et al., 2019; Alsabhan et al., 2022), logistic regression model
(Budimir et al., 2015; Tang and Ma, 2015), artificial neural network model (Nourani et al.,
2014), support vector machine model (Kavzoglu et al., 2014), etc., among which the weighted
information value model is widely used in the research field of geological disaster
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susceptibility evaluation due to its clear physical significance and
simple algorithm. Shen H et al. (Shen et al., 2021) established a
weighted information value model based on the weight value and
information quantity value of each index obtained by the analytic
hierarchy process (AHP) and information value model to conduct a
comprehensive assessment of landslide susceptibility. Liang L et al.
(Liang et al., 2019) used the certainty factor model to determine the
first-level weight of each index factor, and then multiplied the
information value to establish a weighted information value
model to evaluate the susceptibility of geological disasters. Yang
P et al. (Yang et al., 2020) multiplied the weight of each first-level
index factor determined by the random forest model and the
information value of each second-level index factor determined
by the information value model respectively, and established the
weighted information value model for the evaluation of landslide
susceptibility. All of the above studies are based on the establishment
of weighted information value model for susceptibility evaluation by
obtaining the weight of first-level factors and combining with the
second-level interval information value of each factor. However, the
problem of inconsistency between the weight value of first-level
factors and the information value of second-level factors may occur,
thus affecting the accuracy of geological disaster susceptibility
evaluation. Aiming at this problem, some scholars (Xie, 2011;
Wang et al., 2012) determined the second-level interval weights
of indicators based on the trapezoidal fuzzy number with subjective
experience for susceptibility evaluation, but the evaluation results
were worse than the mathematical statistics model with objective
weighting. In view of this, this paper introduces the weighting
method of geological disaster susceptibility evaluation index
based on Apriori algorithm, and obtains the second-level factor
weight value by analyzing objective data. Apriori algorithm was
proposed by R.Aglawal et al. based on previous research results of
AIS algorithm (Agrawal and Srikant, 1994; Yu, 2004). This
algorithm is applicable to transaction database association rule
mining and can reflect the interdependence and correlation
between one thing and other things through association rules.
Wu T et al. (Wu and Niu, 2011) used the Apriori algorithm to
dig for the correlation between disaster scale and various single and
multiple factors. Li J et al. (Li and Niu, 2013) obtained the
relationship between land use type and landslide stability through
the Apriori algorithm. Jie Q et al. (Jie et al., 2015) used the Apriori
algorithm to excavate the deformation laws of several landslides. The
above scholars use Apriori algorithm to dig out the internal
connection between geological disasters and first-level disaster
factors, and prove the feasibility of Apriori algorithm in the field
of geological disasters. Therefore, according to the principle that the
Apriori algorithm can mine the commonness of historical disaster
data, it is integrated into the weighted information value model and
weighted to the second-level interval information value of each
evaluation factor to solve the problem that the factor weight value is
inconsistent with the caliber of the information value.

Based on this, this paper takes Xiangtan urban area in Hunan
Province as the research area, introduces the Apriori algorithm to
mine and analyze the association rules between historical disaster
data and geological disaster susceptibility, establishes the evaluation
index system of geological disaster susceptibility in Xiangtan urban
area, determines the objective weights of the second-level intervals of
each index factor, and combines with the objective weight of first-

level index factor of entropy weight method. The EWM-IV model
and the EWM-Apriori-IV model were established respectively to
evaluate the susceptibility of geological disasters. The feasibility and
accuracy of the weight model based on the Apriori algorithm were
demonstrated through accuracy verification and comparative
analysis.

2 Materials and methods

2.1 Overview of the study area and data
source

Xiangtan urban area, Hunan Province, with a total area of
657.4 km2, is located in the middle part of the Hengshan
Mountain range and belongs to the alluvial plain and red soil
terrace on both sides of the Xiangjiang River. The terrain is high
and convex in the east and west, and low and concave in the middle.
The overall terrain is relatively flat, with an elevation
between −82 m and 289 m. The outlying strata in Xiangtan
urban area are relatively complete and are characterized by the
wide distribution of red beds and pre-Devonian shallow
metamorphic clastic rocks and a complex and diverse
sedimentary environment. From old to new, Lengjiaxi Group,
Banxi Group, Sinian System, Cambrian system, Ordovician
system, Devonian system, Carboniferous system, Permian system,
Triassic system, Jurassic system, Cretaceous system, Paleogene
system and Quaternary system (including alluvium and residual
slope layer) are exposed successively. The regional structure can be
divided into three types: the Heling-Nanzhushan fault folds belt in
the northwest, the Xiangtan fault depression basin in the middle,
and the Baimalong-Shuangmazhen fault folds belt in the east. The
river system in the territory is mainly composed of the Xiangjiang
River and its main tributaries Lianshui River and JinJiang River.
Affected by the subtropical humid monsoon climate, it enjoys
abundant sunshine, and high temperature and rain in summer.
The annual rainfall is between 1,250 and 1,500 mm, mainly in spring
and summer, with 68% of the annual rainfall. There are
121 geological disaster spots in Xiangtan urban area (Figure 1),
mainly landslide, collapse, and ground collapse disasters. The
threatened population is about 2,500, and the potential economic
loss is nearly 10,000 yuan. The main data sources of this paper are
shown in Table 1.

2.2 Methods

2.2.1 Establishment of weight model based on
apriori algorithm

The Apriori algorithm is the most classic algorithm for mining
frequent item sets, which can extract association rules from large
data sets (Zhang, 2016; Hidayanto et al., 2017). Algorithm steps
(Han and Kamber, 2001; Yu, 2004; Li et al., 2020) are shown in
Figure 2 below.

Apriori algorithm adopts iterative method to find frequent item
sets. In the mining process of association rules, the frequent item sets
of k-1 items will be connected all the time to generate k item sets.
Then, the minimum support threshold is set by calculating the
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support degree of k item sets, namely, the probability of X and Y
appearing simultaneously in the data set, and the frequent item sets
of k items are obtained by pruning the k item sets that do not meet
the threshold. The frequent item sets of k items are searched and
iterated layer by layer until there are no new k item sets.

The Apriori algorithm is applied to mine the correlation
between the susceptibility of geological disasters and the second-
level interval of the disaster factor. The second-level interval of the
disaster factor is a data type in the form of Boolean (binary type).
According to the requirement of the Apriori algorithm that the data
type must be a Boolean value, the objective weight of the second-
level interval of each disaster factor reflecting the correlation of

geological disaster susceptibility can be obtained. The specific
implementation process is as follows:

(1) Storing data sets.
The data set contains historical geological disaster data and all

geological data in the study area. Boolean data after data processing,
each set in the data set contains a disaster point and the second-level
interval to which all corresponding disaster factors belong. Each set
represents the occurrence of a disaster point and the emergence of
second-level intervals of all disaster factors. The data set is scanned
and the Apriori algorithm is run, searching for each transaction until
the search result is obtained.

(2) Generate the candidate item set.

FIGURE 1
Geological hazard distribution map of Xiangtan urban area.

TABLE 1 Basic data of the study area.

Name Type Resolution Extraction data

RS image Raster 0.5 m Vegetation coverage

DEM Raster 1:10000 Altitude, Slope angle, Slope aspect

Engineering geology map Vector 1:50000 Geologic structure, Lithology

Land use map, Landform type map Vector 1:50000 Land use pattern, Landform

Fault map, Road map Vector 1:50000 Distance to faults, Distance to roads

Rainfall data (1990–2019) Data table - Average annual rainfall
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Scan the transaction set and defines all the second-level intervals
in the transaction set and the occurrence of geological hazards as the
members of the candidate set. Each member of the candidate item
set is an independent item set.

(3) Calculate the weight of the index factor second-level interval.
Eq. 1 was used to calculate the support degree of each member in

the candidate set. Support degree of association rule X→Y refers to
the probability of the combination of second-level intervals in the
geographic data set of the study area and the occurrence of
geological disasters at the same time. If the occurrence occurs
once, the support degree accumulates once. The support result is
the weight of the second-level intervals of each indicator factor.

Support X → Y( ) � P X ∩ Y( ) (1)
(4) Determine the weight of the index factor’s second-level

interval.
In the process of mining association rules, by setting the minimum

support threshold, the association rules that do not meet the minimum
support threshold are pruned to improve the efficiency of the algorithm.
If the minimum threshold of the above support is met, it can be
determined as the second-level weight of the index factor.

2.2.2 Entropy weight method
As an objective weight method with a good evaluation effect, the

entropy weight method (EWM) has been widely used in research

and practice of geological disaster susceptibility evaluation (Liang
et al., 2010; Jiang et al., 2019). The specific calculation method is as
follows (Devkota et al., 2013):

FRij � bij
aij

(2)

Pij � FRij

∑n
j�1FRij

(3)

Where FRij is the occurrence frequency of geological disasters; Pij is
frequency density; aij and bij are the disaster quantity and regional
area in the j second-level interval of the i first level factor,
respectively; n is the total number of second-level intervals of the
i first-level factor.

The entropy value of the i first-level factor can be expressed
as Hi:

Hi � −e∑n

j�1Pij lnPij (4)

Where e � 1
ln n is constant; In order to ensure the 0 ≤ Hi ≤ 1,

regulation: if Pij = 0, the lnPij = 0.
Finally, the objective weight wi of the index first-level factor can

be obtained:

wi � 1 −Hi

N −∑N
i�1Hi

(5)

Where N is the total number of index factors.

2.2.3 Information value model
The information value (IV) model is a mathematical statistics

method commonly used to analyze data. Through statistical analysis
of historical data, the information value of each impact factor is
calculated to determine the importance of each impact factor (Fan
et al., 2012; Chen et al., 2021). The calculation method is as follows:

Iij � ln
Nij/N
Sij/S (6)

Where Iij is the information value of the j second-level interval of
the i first-level factor; S is the layer area of each evaluation index; Sij
is the interval area of the j second-level interval of the i first-level
factor;N is the total number of disaster points in the study area;Nij

is the number of disaster points in Sij interval.
Combined with the weight model, the weighted information

value (WIV) model is constructed. The calculation formula is as
follows:

I � ∑n

i�1∑
m

j�1 Iij × Qij( ) (7)

Where I is the total information value of each evaluation unit in the
overlay layer; n is the total number of index factors; m is the total
number of second-level intervals in the first-level factors of each
index; Qij is the index weight value. If the entropy weight method is
used for weighting, Qij is the first-level weight of each index factor
calculated by the entropy weight method. If the entropy weight
method-Apriori algorithm is used for weighting, Qij is the second-
level comprehensive weight of each index factor, the objective weight
wi of each first-level factor calculated by the entropy weight method
is multiplied with the weight rij of the corresponding second-level

FIGURE 2
Flow chart of the Apriori algorithm.
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interval calculated by the Apriori algorithm, as shown in Eq. 8.
Figure 3 shows the calculation process of EWM-Apriori-IV model
based on the entropy weight method-Apriori algorithm.

Qij � wi × rij (8)

3 Results

3.1 Data processing

According to the characteristics of historical geological disaster
data in the study area and previous research results (Lan et al.,
2002; Shahri et al., 2019), 10 geological disaster susceptibility
factors including altitude, slope angle, slope aspect, landform,
lithology, vegetation coverage, average annual rainfall, distance
to faults, distance to roads and land use pattern were initially
selected to evaluate the geological disaster susceptibility in the
study area (Meng et al., 2010; Chen et al., 2013; Zhao et al., 2021).
With 30 m×30 m grid units as evaluation units, the research area
was divided into 907,823 units. In order to facilitate data

processing by the Apriori algorithm, each factor needs to be
classified to convert into Boolean data. The natural breakpoint
method was used to classify each factor in ArcGIS software, and the
data characteristics of each factor in the study area were analyzed
by adhering to the principle of “similar within the interval,
different outside the interval”. The partitioning results of each
evaluation factor were shown in Figure 4.

According to the historical landslide disaster point and the
second-level interval Boolean data of each index factor in the
study area (Table 3), the Apriori algorithm is applied for data
mining to analyze the association rules that have guiding
significance for the construction of geological disaster
susceptibility evaluation index system in the study area, as shown
in Table 2.

According to Table 2, the confidence level of the association
rule “G4, D1, J2, E9, A5, B5, F2″ is the highest, indicating that the
index factors contained in the disaster causing condition obtained
when mining this association rule should be the favorable
candidate factors for the evaluation index system of geological
disaster susceptibility in the study area. Meanwhile, four
association rules in the table cover all index factors with high

FIGURE 3
Calculation flowchart of EWM-Apriori-IV model.
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confidence, indicating that 10 index factors initially selected,
including altitude, slope angle, slope aspect, landform,
lithology, vegetation coverage, average annual rainfall, distance
to faults, distance to roads, and land use pattern, should be
selected as index factors for the evaluation of geological
disaster susceptibility in the study area.

3.2 Determination of weight based on the
apriori algorithm

Through the analysis and processing of geographical data and
historical geological disaster data of the study area, the internal
commonness of historical disaster points is explored. According to
the above 10 susceptibility evaluation indexes such as altitude, slope
angle, slope aspect, lithology, and average annual rainfall, the
Apriori algorithm is used to calculate the correlation between the
second-level interval of each index factor and the occurrence of
geological disasters. To determine the contribution rate (weight) of
different second-level intervals of each indicator factor to the
geological disasters in the study area (Zhang and Jiang, 2004),
that is, to explore the statistical relationship between the point
value data of each indicator factor located in different second-
level intervals and the distribution of geological disasters in the
study area.

The different second-level intervals of each susceptibility
evaluation index factor were numbered, that is, the altitude
was “1″, and the five second-level factor intervals were “1.1,
1.2, 1.3, 1.4, and 1.5″respectively. The slope angle is classified as
“2″, and its 5 second-level factor intervals are respectively “2.1,
2.2, 2.3, 2.4, 2.5″, and so on. Data of all second-level factor
intervals of each historical geological disaster point are
numbered. According to the implementation process of the
Apriori algorithm in Section 2.2.1, the statistical data set of
the disaster point is input into the software for program
implementation by Python language, and the objective weight
value of the second-level interval of each index factor is finally
obtained, as shown in Table 3.

3.3 Evaluation of susceptibility

The entropy weight method was used to calculate the first-level
objective weight of each evaluation index, and the information
value of the second-level factor interval of each evaluation index
was obtained by the information value model. The calculation
results are shown in Table 3. According to the superposition
analysis function of ArcGIS software, combined with the weight
results of the above evaluation indicators and the information
value calculation results, the EWM-IV model and the EWM-

FIGURE 4
(Continued).
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Apriori-IV model was established according to Eq. 7 respectively
to evaluate the susceptibility of geological disasters in the study
area. The natural breakpoint method was used to partition the
evaluation results of the two models, and the results of geological
disaster susceptibility evaluation of Xiangtan urban area were
respectively obtained, as shown in Figure 5.

3.4 Comparison of evaluation accuracy

At present, there are disaster area ratio verification methods
and ROC curve verification methods to verify the evaluation
results of geological disaster susceptibility (Kamp et al., 2008;
Bai et al., 2010; Fan et al., 2014). The disaster area ratio

FIGURE 4
(Continued). Zoningmap of geological hazard susceptibility assessment factors in Xiangtan urban area (A) Altitude; (B) Slope angle; (C) Slope aspect;
(D) Landform; (E) Lithology; (F) Vegetation coverage; (G) Average annual rainfall; (H) Distance to faults; (I) Distance to roads; (J) Land use pattern.

TABLE 2 Mining results of association rules.

Serial number Association rule confidence coefficient

1 (G4, D1, J2, E9, H5, I5, A5, B5, C3, F2) → Geological disaster occurs 0.73

2 (G4, D1, J2, E9, H5, I5, A5, B2, C3, F2) → Geological disaster occurs 0.72

3 (G4, D1, J2, E9, H5, I5, A5, B5, C3, F1) → Geological disaster occurs 0.72

4 (G4, D1, J2, E9, H5, I5, A1, B5, C3, F2) → Geological disaster occurs 0.71

5 (G4, D1, J2, E9, H5, I5, A5, B5, F2) → Geological disaster occurs 0.82

6 (G4, D1, J2, E9, A5, B5, F2) → Geological disaster occurs 0.87
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TABLE 3 Calculation results of grading weight and information value (IV) of each evaluation factor.

Index factor The second-level interval First level weight Second level weight IV

Altitude (m) (A1-A5) <50 0.2015 0.0075 −0.4487

50–70 0.0299 −0.3168

70–90 0.1045 0.3264

90–130 0.4179 0.7568

≥130 0.4403 0.6218

Slope angle (°) (B1-B5) 0–25 0.2376 0.0467 0.3826

25–35 0.2880 −1.5611

35–45 0.1744 0.5707

45–60 0.1907 −0.1204

60–80 0.3002 0.0000

Slope aspect (°) (C1-C6) <60 0.0116 0.1035 1.5022

<120 0.1623 −1.0681

<180 0.2596 −1.4547

<240 0.1907 −1.9395

<300 0.1886 −0.7558

<360 0.0953 −1.8060

Landform (D1-D3) Hill 0.0410 0.7907 0.4166

Downland 0.1047 −0.8247

Plain 0.1047 −0.8513

Lithology (E1-E11) Slate (1) 0.1685 0.0974 0.6706

Red clastic rock (2) 0.0000 −0.4590

Quartzite conglomerate, sandstone (3) 0.1988 0.2673

Siliceous rock, siliceous shale (4) 0.0933 0.5961

Carbonate rocks interbedded with clastic rocks (5) 0.0020 0.3173

Siliceous rock, siliceous slate (6) 0.0933 2.5452

Shallow metamorphic sandstone sandwiched with slate (7) 0.0020 0.6272

Sandstone is interbedded with slate (8) 0.0365 0.6946

Soil body (9) 0.4097 −0.8104

Limestone, dolomitic limestone with marl (10) 0.0609 −0.7542

Clastic rocks (11) 0.0061 −1.2896

Vegetation coverage (%) (F1-F3) 0 0.0177 0.3400 −0.5042

0–0.3 0.5100 0.1912

0.3–0.6 0.1500 0.7068

Average annual rainfall (mm) (G1-G4) 1,000–1,100 0.1011 0.0116 −0.6563

1,100–1,200 0.2907 −0.3479

1,200–1,300 0.2907 0.1833

≥1,300 0.4070 0.1803

Distance to faults (m) (H1-H5) ≤100 0.0182 0.1860 0.7201

(Continued on following page)
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FIGURE 5
Zoning map of geological hazard susceptibility assessment in Xiangtan urban area (A) EWM-IV model; (B) EWM-Apriori-IV model.

TABLE 4 The disaster area ratio of EWM-IV model evaluation results.

Susceptibility zoning Proportion of area (%) Number of disasters The proportion of disasters (%) The disaster area ratio

High 13.5 64 52.9 0.721

Moderate 28.8 35 28.9 0.185

Low 57.7 22 18.2 0.058

TABLE 3 (Continued) Calculation results of grading weight and information value (IV) of each evaluation factor.

Index factor The second-level interval First level weight Second level weight IV

100–200 0.1395 0.2456

200–300 0.0930 0.3223

300–400 0.1163 0.8306

>400 0.4651 −0.4579

Distance to roads (m) (I1-I5) ≤100 0.0070 0.1163 −0.0939

100–200 0.1744 −0.1259

200–300 0.1395 0.1276

300–400 0.1047 −0.5607

>400 0.4651 0.0894

Land use pattern (J1-J6) Cultivated Land 0.1958 0.0714 0.0081

Forest land 0.7500 0.2004

Lawn 0.1303 0.0000

Waterbody 0.0000 −0.8964

Residential land 0.0483 −0.3481

Unused land 0.0000 0.0000

Frontiers in Earth Science frontiersin.org09

Chen et al. 10.3389/feart.2023.1127889

8283

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1127889


verification method compares and verifies the ratio between the
number of historical disaster points and the area in each prone
area. The larger the disaster area ratio in the high-prone area and
the smaller the disaster area ratio in the low-prone area, the more
accurate and effective the evaluation results will be (Chen et al.,
2019). ROC curve refers to the receiver operating characteristic
curve, and the area under the curve (AUC) is used to judge the
accuracy of model evaluation results. The higher the AUC value,
the better the prediction ability of the model (Pradhan, 2013;
Wang et al., 2013).Tables 4, 5 indicates the disaster area ratio
statistics of the EWM-IV model and the EWM-Apriori-IV model.

By comparing the statistical results of the disaster area ratio
evaluated by the two models, the disaster area ratio of the high-
prone areas evaluated by the EWM-Apriori-IV model is 1.141,
which is higher than 0.721 of the EWM-IV model, and a relative
increase of 58.3%. The disaster area ratio of the low-prone areas
evaluated by the EWM-Apriori-IV model is 0.033, lower than
the EWM-IV model’s 0.058, which is a relative decrease of
43.1%. The results show that the use of the EWM-Apriori-IV
model to evaluate the susceptibility of geological disasters in the
study area greatly improves the disaster area ratio of the high-
prone area and reduces the disaster area ratio of the low-
prone area, and the evaluation effect is more accurate and
effective.

The ROC curve test was conducted according to the
evaluation results of geological disaster susceptibility
generated by the two evaluation models. The sensitivity was
taken as the vertical coordinate and the specificity was taken as
the horizontal coordinate, and the evaluation results were
imported into SPSS software for analysis. The results were
presented in Figure 6.

The area under the ROC curve (AUC) generated by the two
models is both 0.7%-0.9, indicating that the success rate and
prediction degree of the results obtained by the two evaluation
models used in this paper are between 70% and 90% when
evaluating the susceptibility of geological disasters in the study
area, with high accuracy. It can be seen from Figure 6 that the
AUC values of the EWM-IV model and the EWM-Apriori-IV
model are respectively 0.753 and 0.809, that is, the
predictive ability of the model is 75.3% and 80.9%, and the
latter is 7.4% higher than the former, showing better predictive
ability.

4 Discussion

Accuracy of geological hazard susceptibility evaluation is affected by
the weighting method of evaluation index. As a commonly used

TABLE 5 The disaster area ratio of EWM-Apriori-IV model evaluation results.

Susceptibility zoning Proportion of area (%) Number of disasters The proportion of disasters (%) The disaster area ratio

High 10.4 78 64.4 1.141

Moderate 24.1 29 24.0 0.183

Low 65.5 14 11.6 0.033

FIGURE 6
ROC curves of different evaluation model. (A) EWM-IV model; (B) EWM-Apriori-IV model.
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susceptibility evaluation model, the weighted information value model
is established in most studies by combining the first-level index factor
weighting method with the second-level interval information value of
each factor, while the second-level interval weight of the index factor is
rarely analyzed. Therefore, the inconsistent caliber of information value
and weight value will be generated by using this model for evaluation,
which will affect the evaluation accuracy. In this paper, the Apriori
algorithm is introduced to improve the weighted information value
model. By analyzing the correlation between the second-level interval of
each disaster causing factor and the occurrence of geological disasters,
the objective weight of the second-level interval of each evaluation index
is determined, and the susceptibility evaluation of geological disasters is
completed by combining the second-level interval information value of
each index factor. Thus, the problem that the information value is
inconsistent with the weight value in the weighted information value
model is solved.

According to the evaluation results, the regionalization effect of
EWM-Apriori-IV model is better than that of EWM-IV model.
Compared with EWM-IV model, the disaster area ratio of high and
low prone areas evaluated by EWM-Apriori-IV model increased by
58.3% and decreased by 43.1%, respectively, and the AUC value of
the area under ROC curve increased by 7.4%. Therefore, it is proved
that the accuracy and rationality of introducing Apriori algorithm to
obtain the second-level interval weight of the index factor and
combining with the information value model to predict
susceptibility. In addition, this paper only analyzes the feasibility
of improving the weighted information value model based on
Apriori algorithm. For more susceptibility evaluation methods, it
is worth further discussion and discussion to combine them with the
weighting method of geological hazard susceptibility evaluation
index based on Apriori algorithm to carry out index second-level
factor weighting and susceptibility evaluation.

5 Conclusion

Taking the Xiangtan urban area of Hunan Province as the research
area, this paper selected 10 evaluation indexes, introduced the Apriori
algorithm as the weight model of the second-level interval of the
evaluation index, constructed two evaluation models to evaluate the
susceptibility of geological disasters in the research area, and carried out
precision verification and comparative analysis on the evaluation
results. The results are as follows.

(1) The Apriori algorithm is introduced to analyze the correlation
between the second-level intervals of disaster-causing factors
and the susceptibility to geological disasters. A weighted model
based on the Apriori algorithm is established to achieve the
objective weighting of the second-level intervals of disaster-
causing factors in the susceptibility evaluation of geological
disasters and to solve the problem of the inconsistency
between the information value and the weight value in the
weighted information value model.

(2) The EWM-IV model and the EWM-Apriori-IV model are
established respectively to evaluate the susceptibility of
geological disasters in the study area. The results show that:
When the weight model based on the Apriori algorithm is used
to assign a weight, the accuracy of susceptibility evaluation is

significantly increased by 7.4%, and the disaster area ratio of the
high-prone area is increased by 58.3%, while the disaster area
ratio of the low-prone area is reduced by 43.1%, indicating that
the EWM-Apriori-IV model is more accurate and rational in
evaluation.

(3) According to the susceptibility evaluation results of the
EWM-Apriori-IV model, the study was divided into high,
medium, and low susceptibility areas. The high-prone area
covers 68.4 km2, accounting for 10.4% of the Xiangtan urban
area, and contains 78 geological disaster points, accounting
for 64.4% of the total geological disaster points. The middle-
prone area is 158.4 km2, accounting for 24.1% of the Xiangtan
urban area, including 29 geological disaster points,
accounting for 24.0% of the total geological disaster points.
The low-prone area covers 430.6 km2, accounting for 65.5%
of the Xiangtan urban area, and contains 14 geological
disaster points, accounting for 11.6% of the total geological
disaster points.
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Environmental variables are crucial factors affecting the development and
distribution of landslides, and they also provide vitally important information for
statistically-based landslide susceptibility mapping (SLSM). The acquisition and
utilization of appropriate and themost influential environmental variables and their
combinations are crucial for improving the quality of SLSM results. However,
compared with the construction of SLSM models based on machine learning, the
acquisition and utilization of high-quality environmental variables have received
very little attention. In order to further clarify the research status of the application
of environmental variables and possible development directions in future
research, this study systematically analyzed the application of environmental
variables in SLSM. To this end, a literature database was constructed by
collecting 261 peer-reviewed articles (from 2002 to 2021) on SLSM from the
Web of Science and CNKI platform (www.cnki.net) based on the keywords of
“landslide susceptibility” and “environmental variable.” We found that existing
methods for determining environmental variables do not consider the regional
representativeness and geomorphological significance of the variables. We also
found that at present, environmental variables are utilized generally without the
realization and understanding of their spatial heterogeneity. Accordingly, this
study raises two major scientific issues: 1) Effective identification of important
environmental variables required in SLSM. 2) Effective representation of the spatial
heterogeneity of environmental variables in SLSMmodeling. From the perspective
of the identification of dominant variables and their geospatial pattern of
heterogeneity, targeted solutions for future research are also preliminarily
discussed, including the method for identifying dominant variables from
qualitative and quantitative perspectives and SLSM model construction
considering the specific geospatial patterns. In addition, the applicability and
limitation of the mentioned methods are discussed.
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1 Introduction

Landslide susceptibility refers to the likelihood of a landslide
occurring in a certain area under the influence of local
environmental conditions (Brabb, 1984). Applying the ideology that
the “past and present are the keys to the future” (Furlani and Ninfo,
2015), statistically-based landslide susceptibilitymapping (SLSM) is one
of the most widely used methods in landslide susceptibility assessment.
This method focuses on building the functional relationship between
landslide environmental variables and existing landslide inventories,
and further realize the quantitative or qualitative assessment of the
spatial possibility of landslide occurrence under a set of geological/
geographical environmental conditions (Guzzetti et al., 2005; 2006a;
2006b; Reichenbach et al., 2018). SLSM can be used to effectively predict
and identify locations prone to landslides on the regional scale
(Alcántara-Ayala et al., 2022), and its results can provide
indispensable information for various tasks, such as landslide risk
assessment, formulation of disaster reduction measures, and land use
planning (vanWesten et al., 2008; Erener et al., 2016; Huang et al., 2019;
Zhang et al., 2022). In recent years, it has gradually become a hot topic
of geological hazard research on a global scale (Chen et al., 2020; Huang
et al., 2021a).

Since the mid-1970s, research on SLSM has made significant
progress. According to 250 slopes and topographic and geological
conditions in the southwest of Germany, Neuland (1976) built a
landslide prediction model using the statistical method of binary
discriminant analysis, which is considered to be the earliest
statistical study of landslide susceptibility assessment. Henceforth,
scholars worldwide have published hundreds of papers considering
different environmental conditions and landslide distribution in
different regions, using various statistical methods. These statistical
methods are also called data-driven landslide susceptibility models
(Lima et al., 2022). By sorting and summarizing relevant literature,
these methods can be generally divided into three categories
(Table 1): mathematically-based, geography-based and, pattern
recognition-based. The model construction under these three
categories is based on geostatistical analysis, geospatial analysis,
and machine learning, respectively, with each presenting its own
advantages and disadvantages.

Researchers are constantly attempting to determine a functional
relationship that is more representative of the relationship (assessment
model) between environmental variables (independent variables) and
landslide inventories (dependent variables) (Carrara, 1983; Guzzetti
et al., 1999; Guzzetti et al., 2006b; Budimir et al., 2015; Zhang et al.,
2020) from different perspectives. Particularly in recent years, artificial

intelligence represented by machine learning (ML) has introduced new
tools of function expression and data analysis for SLSM and their
combination significantly promotes the development of model
construction for landslide susceptibility analysis (Huang et al., 2017;
Zhao et al., 2019; Sun et al., 2021; Lima et al., 2022). Gradually, the focus
of SLSM research has shifted to the construction and analysis of
susceptibility models. Research interest in this field appears to be
increasingly shifting towards the testing of new ML models and the
comparison of model performance, striving to develop a better and
more suitable prediction model. However, through the analysis of the
quality of SLSM by applying the susceptibility quality level (SQL) index
(Guzzetti et al., 2006a; Guzzetti et al., 2006b), Reichenbach et al. (2018)
reported that the number of high-quality research remains small.

Environmental variables are among the most important input
information for SLSM models (van Westen et al., 2008). They
represent environmental factors that affect the development of
landslides and have important and complex effects on the spatial
distribution of landslides (Yan et al., 2019). We sorted out the
number of environmental variables used in the literature database,
which was constructed using 261 peer-reviewed articles (from 2002 to
2021) collected from the Web of Science and CNKI platform (www.
cnki.net) according to the following two keywords: “landslide
susceptibility” and “environmental variable.” The number of such
articles showed a significant growth trend (Figure 1) in the past
20 years. In other words, researchers have gradually realized that
environmental variables are crucial for the construction of SLSM
models (Ercanoglu and Gokceoglu, 2002; Jebur et al., 2014;
Kavzoglu et al., 2015; Trigila et al., 2015; Pham et al., 2016; Nguyen
et al., 2019). The purpose is to select as many environment variables as
possible and include the ones that may be the most influential.

However, the premise is that researchers require some prior
knowledge of the main environmental factors affecting landslides in
the study area (Crozier, 1986; Zhao et al., 2019), and the selected
environmental variables should be closely related to the environmental
characteristics of the study area (Pourghasemi et al., 2012; Lima et al.,
2022). The analysis of the literature database reveals that this aspect has
not received sufficient attention. Researchers appear to be more
interested in new modeling techniques, but they pay little attention
to selection and application of high-quality environmental variables
required in landslide susceptibility modeling. Therefore, in this study, a
systematic review based on the literature database was conducted to
further clarify the current status of the application of environmental
variables in SLSM. On this basis, possible future development ideas of
improving the SLSM prediction quality from the perspective of
environmental variables are preliminarily explored.

TABLE 1 Statistical methods used for SLSM.

Category Main method Literature Advantage and disadvantage

Mathematically-
based

Geostatistical analysis, such
as WOE, I, etc.

Wu et al. (2017), Zhang et al. (2022) Advantage: Simple and effective Disadvantage: Model with
subjectivity

Geography-based Geospatial analysis, such as
GIS, GWR, etc.

Clerici et al. (2002), Kamp et al. (2008), Li et al.
(2020)

Advantage: Model with geospatial characteristics Disadvantage:
Distance is the only measure of the spatial weight

Pattern recognition-
based

Machine learning, such as
SVM, RF, ANN, etc.

Taner San (2014), Hong et al. (2019), Azarafza
et al. (2021), Nikoobakht et al. (2022)

Advantage: Model with strong classification and recognition ability
Disadvantage: High model adaptation power leading to overfitting
and accuracy limitation

Notes: WOE, weight of evidence; I, information; GIS, geographic information system; GWR, geographically weighted regression; SVM, support vector machine; RF, random forest; ANN,

artificial neural network.

Frontiers in Earth Science frontiersin.org02

Zhao et al. 10.3389/feart.2023.1147427

8788

http://www.cnki.net
http://www.cnki.net
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1147427


2 Acquisition status of environmental
variables

The acquisition of environmental variables is a process of
searching for inducing and contributing factors that have a
certain correlation with the occurrence and distribution of
landslides from different aspects such as the natural environment
and human activities (Pradhan, 2013; Duan et al., 2022). The
ultimate purpose is to ensure that the environmental variables
used for SLSM have a logical and effective impact on the
prediction of landslide susceptibility in the study area (Ayalew
and Yamagishi, 2005; Guzzetti et al., 2012; Jaafari et al., 2019;
Pourghasemi et al., 2020). In general, the approach of researchers
selecting environmental variables can be summarized into two
methods: qualitative selection and quantitative screening.

2.1 Qualitative selection

For a specific study area, the selection of environmental variables
is necessary for every SLSM researcher. Through the analysis of the
literature database, selection methods of environmental variables
could be generally divided into four categories (Table 2): methods
based on existing experience and cognition, direct reference from

literature records, available existing data of the study area, and
comprehensive consideration. At the same time, researchers also
consider the accessibility and operability of data in the process of
selection from the perspective of qualitative analysis (Lee, 2005). The
four methods provide direct and practical guidance and are
widely used.

Environmental factors affecting the occurrence and distribution
of landslides in a region are complex and diverse (Soeters and van
Westen, 1996; Hong et al., 2019), and different regions correspond
to different variables (Guzzetti et al., 2006a). According to the
analysis of the current status of the qualitative selection of
environmental variables in the literature database, although
qualitative selection provides a large number of environmental
variables, several shortcomings still remain, such as the limited
cognition ability of researchers regarding preliminary information
on landslides in specific study areas, influence of commonly used
environmental variables on the current reference and citation, and
difficulties in data acquisition affecting variable selection.
Consequently, environmental variables selected for susceptibility
assessment may not all possess good expressive ability for the
environmental characteristics of the specific study area. For
example, for many types of landslides, especially loess or red bed
landslides, groundwater variables have a critical impact on the
development, movement, and distribution of landslides (Pei et al.,

FIGURE 1
Number of environmental variables applied from the literature database. The order numbers are listed in chronological order of the literature.

TABLE 2 Selection methods of environmental variables.

Method Function Literature

Empirical discriminant Experience/cognition → Prior guidance Pradhan and Lee (2010), Pham et al. (2018), Zhang et al. (2018), Moayedi et al.
(2019)

Documentation Literature documentary records→Direct information
reference

Clerici et al. (2002), Ermini et al. (2005), Yalcin (2008), Guo et al. (2015), Hussin et al.
(2016)

Data availability Data availability → Limitation of the selection scope → A
clear guidance for selection

Zêzere (2002), Pradhan and Lee (2010), Costanzo et al. (2012), Erener et al. (2016),
Juliev et al. (2019)

Comprehensive
consideration

Comprehensive consideration →More basis Myronidis et al. (2016), Hong et al. (2018), Pourghasemi and Rahmati (2018), Hong
et al. (2019), Jaafari et al. (2019), Nsengiyumva et al. (2019), Achour and
Pourghasemi (2020), Zhu et al. (2021)
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2018; Peng, 2018; Zhao et al., 2022), but the actual selection and
application of groundwater variables in SLSM are rare. In some
regions, especially dry and hot valleys, the arid climate conditions
have a significant control over the spatial distribution of geological
disasters such as landslides and debris flows (Chen et al., 2014; Sun,
2020; Liu et al., 2023). However, drought variables have not received
sufficient attention in the current SLSM. Therefore, further in-depth
consideration of landslide geological properties and environmental
characteristics is required for specific regions in the acquisition of
variables.

2.2 Quantitative screening

Some researchers (Lee et al., 2012; Wu et al., 2013; Samia et al.,
2017; Lucchese et al., 2021) immediately constructed their
susceptibility assessment model after completing the qualitative
selection of environmental variables. In contrast, some
researchers (He et al., 2019; Al-Najjar and Pradhan, 2021; Chen
and Chen, 2021) carried out quantitative screening after completing
preliminary selection. Through the analysis of the current status of
variable screening in the literature database (Figure 2A),

approximately 28% of the studies were found to have further
carried out follow-up screening after qualitative selection. Since
2015, the screening of environmental variables has shown a distinct
growth trend, and the number of studies with screening reached
39%. In other words, with the continuous deepening of SLSM
research, an increasing number of researchers are acknowledging
that the screening of environmental variables before constructing
the models is conducive to ensuring better conditional
independence and higher prediction ability of environmental
variables involved in the assessment (Kavzoglu et al., 2015; Chen
et al., 2018a; Amato et al., 2019; Hong et al., 2020; Saha et al., 2021).

At present, the screening of environmental variables is primarily
based on 1) correlation analysis between variables and landslide
distributions, 2) analysis of the conditional independence of
variables, and 3) combination analysis (Figure 2B). The first
approach accounts for the largest proportion (45.9%) of all
screening approaches. In this approach, environmental variables
with high correlation are screened by analyzing the relationship
between the environmental variables and the landslide spatial
distribution. The main screening methods include machine
learning (Pradhan and Lee, 2010; Kavzoglu et al., 2015; Amato
et al., 2019), correlation analysis (Jebur et al., 2014; Ciurleo et al.,

FIGURE 2
(A) Indicates the proportion of screening and non-screening. (B) Indicates the proportion of different screening methods.
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2016; Steger et al., 2016; Huang et al., 2017; Chen and Li, 2020), and
information gain (Chen et al., 2018b; Ngo et al., 2021). The second
approach accounts for 35.1%. In this approach, the quality of
environmental variables involved in the evaluation are improved
by eliminating collinearity and redundancy factors, such that
variable screening can be realized. The main methods include the
collinearity test (Dou et al., 2019; Zhao, 2020; Azarafza et al., 2021;
Chen and Chen, 2021), and chi square test (Hong et al., 2017; Pham
et al., 2019). The third approach accounts for 18.9% and essentially
involves the combination of different screening methods in the first
two approaches (Dou et al., 2020; Hong et al., 2020; Fang et al.,
2021).

As different screening methods are widely used, there is no
universal and fixed criterion for selecting environmental variables
for SLSM (Pradhan and Lee, 2010; Hong et al., 2019). Nevertheless,
the original intention of researchers to carry out the screening of
environmental variables is consistent, namely, to select variables
with high quality as far as possible.

In reality, the development and distribution of landslides are
closely related to the geomorphological evolution (Gómez and
Kavzoglu, 2005). However, current screening methods do not
sufficiently consider regional geomorphic characteristics.
Moreover, the geomorphological significance of environmental
variables is poorly discussed and justified (Reichenbach et al.,
2018). Consequently, the environmental variables used for SLSM
may not necessarily be the most suitable and provide effective
information required for modeling. Furthermore, some selected
variables may even be controversial. Therefore, the acquisition of
higher quality environmental variables for SLSM remains to be
further explored.

3 Application status of environmental
variables

3.1 Quantity of variables

In the study of SLSM, the number of environmental variables
used has always been controversial. Some researchers believe that
effective assessment requires only a few important variables
(Ohlmacher and Davis, 2003; Dahl et al., 2010; Akgün, 2012;
Pereira et al., 2012). In contrast, some researchers believe that a
large number of variables is more conducive to providing more
comprehensive environmental information, implying more accurate
landslide susceptibility assessment (Sabatakakis et al., 2013; Dou
et al., 2015; Rowden and Aly, 2018; Jaafari et al., 2019). At the same
time, many researchers (Remondo et al., 2003; Pradhan and Lee,
2010; Floris et al., 2011; Manzo et al., 2013; Jebur et al., 2014) have
proved that the increase of the number of environmental variables
cannot guarantee the quality and accuracy of susceptibility
assessment, and that it may even be counterproductive.
Moreover, in the presence of excessive environmental variables,
the susceptibility prediction model may even have multicollinearity,
high complexity, and limited explanatory power (Amato et al.,
2019).

In this study, the numbers of variables used in different literature
were found to be variable, with even large differences (Figure 1). In
the literature database, 29 environmental variables were used at

most, and 2 at least. The average number is about 10. A series of
factors, such as the geological/geographical environment of the
study area, disaster development/inducing conditions of the
landslides, availability of regional data, and researchers’ cognition
of landslides in the specific region, will affect the quantity of the
environmental variables used for the susceptibility assessment
(Guzzetti et al., 1999; Lee and Pradhan, 2007; Nefeslioglu et al.,
2011; Felicísimo et al., 2013; Yang G. et al., 2019). As observable,
there is no optimal solution for the quantity of environmental
variables applied in SLSM. In the actual landslide susceptibility
assessment, a corresponding number of representative
environmental variables should be selected based on the specific
environmental characteristics of the study area.

3.2 Type of variables

In the literature database, 91 types of environmental variables were
recorded. According to the attributes, they can be divided into six types:
morphological, geological, hydrological, land cover, climatic, and
human activity (Figure 3A). Morphological variables are the most
used among all types, accounting for more than 40%, followed by
geological variables (18.66%), hydrological (16.2%), land cover
(14.53%), and human activity (6.18%). Climatic variables are the
least applied, accounting for only 3.84%. According to the similarity
criteria of names and meanings of variables (Reichenbach et al., 2018),
the six main types of environmental variables can be further subdivided
into 23 subcategories. Figure 3B reveals the distribution of each
subcategory of environmental variables. On the whole,
7 subcategories account for nearly 55% of the total, namely, slope,
formation lithology, aspect, elevation, curvature, distance to fault, and
distance to river. Among them, slope is the most widely used category,
accounting for more than 10%.

3.2.1 Morphological
The most widely used subtypes of morphological variables are

slope, aspect, curvature (plane curvature and profile curvature), and
elevation, which offer simple and direct measurement of the terrain.
The wide use of these simple terrain variables is attributable to two
factors: 1) They can be easily obtained through digital terrain data
(usually DEM) (Xu and Xiao, 2013); 2) They are the most direct and
effective measures of regional terrain/geomorphology and more
effective for susceptibility prediction than other types of
environmental variables (Fabbri et al., 2003).

As shown in Figure 3B, the slope variable is the most widely used
among all environmental variables (carrara and Guzzetti, 1995;
Fabbri et al., 2003; Budimir et al., 2015; Lima et al., 2022).
Reichenbach et al. (2018) further pointed out that the slope
variable is the most effective for identifying susceptible and non-
susceptible areas of landslides. The main reasons are as follows: 1)
The terrain slope plays an important role in controlling the balance
between the sliding force and the anti-sliding force of the slope (Wu
and Sidle, 1995). Compared with gentle slopes, steep slopes require
stronger anti sliding force to maintain stability. 2) Different slope
conditions have distinct differences in the ability to collect and store
surface water and groundwater. To some extent, the slope
determines the impact of surface runoff and groundwater level
fluctuation on slope stability (Sun, 2020). Although simple
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terrain variables such as aspect, elevation and curvature are also
widely used, due to the variable influence of different local
conditions in different regions, the rationality of their use has
not been effectively demonstrated in theory and practice
(Reichenbach et al., 2018), and the rationality of their application
in different environmental regions requires further analysis and
consideration.

In addition, a type of composite terrain variables also exists, such as
surface roughness (SR), topographic position index (TPI), relief degree
of land surface, and surface cutting depth. Compared with direct terrain
variables, these composite terrain variables can more comprehensively
and effectively capture and reflect the overall terrain characteristics of a
large area (Lee and Min, 2001; Peng et al., 2014), which can provide
strong support for landslide susceptibility prediction. However, in the

actual research process, these composite variables have not been widely
applied. In the literature database, the SR variable was applied in only
22 articles and the TPI variable in only 13 articles. Themain reasons are
as follows: first, it is more difficult to obtain composite terrain variables
than simple terrain variables; second, the composite variables may have
very good applicability in some specific areas (Carrara and Guzzetti,
1995), but their effectiveness in other different environmental
heterogeneous areas has not been generally confirmed.

3.2.2 Geological
A series of geological variables (Figure 3B) have been applied in

landslide susceptibility modeling, such as formation lithology,
distance to fault, and geological structure. Among them, the
variables of formation lithology are the most widely used. On the

FIGURE 3
Utilization of environmental variables. (A) Proportion of different environmental variables in different years. (B) Application of different types (main
categories and subcategories) of environmental variables. GS, Geological structure; EQ, Earthquake; OG, Other geological; TWI, Topographic wetness
index; SPI, Stream power index; GD, Gully density; STI, Sediment transport index; OH, Other Hydrological; OHA, Other human activity; OC, Other
climatic.
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one hand, formation lithology is the material basis for landslide
development and movement. Different lithologies have different
levels of hardness and looseness, shear strength, and weathering
resistance, which have a direct impact on slope stability; therefore,
formation lithology is considered an important factor affecting
landslide susceptibility (Li et al., 2018; Zhu et al., 2021); On the
other hand, the variables of formation lithology can be easily
obtained from existing regional geological maps (Ciurleo et al.,
2017; Yang J. et al., 2019; Fang et al., 2021), which greatly
promotes their application in susceptibility modeling. The
application frequency of distance to fault in geological variables
is only second to that of formation lithology. Faults are the most
active components of crustal movement, with nearby rock masses
having more developed joint fissures and poor weathering
resistance; therefore, geological disasters often occur near large
faults (Hong et al., 2015).

As convenient and effective sources of data for obtaining regional
geological variables, geological maps have been widely used by
researchers (Feng et al., 2016; Zhu et al., 2018; Du et al., 2020;
Huang et al., 2021b). Through the literature analysis, the remote
sensing characteristics of geological variables were found to be
becoming increasingly more prominent with the rapid development
of remote sensing technology, Accordingly, remote sensing has
gradually become another important tool for the inversion and
extraction of geological variables. Many scholars obtained geological
variables such as fault, lithology and structure by interpreting aerial
photos and satellite images (Table 3), which are also rich sources of
geological data for landslide susceptibility assessment.

For some regionswith complex geological conditions, the geological
environment will show significant differences in different sections, such
as different fault distribution densities and regional differences in
formation lithology exposure. Therefore, the regional distribution of
landslides tends to show significant spatial differences (Lin et al., 2021).
However, a notable phenomenon is that although remote sensing
means are being used increasingly more frequently to obtain
geological variables, only few scholars paid sufficient attention to the
spatial heterogeneity characteristics reflected by geological variables in
remote sensing images.

3.2.3 Hydrological
The distance to river is the most widely used hydrological

variable (Figure 3B), accounting for 6.35% of all environmental
variables. To some extent, it indicates the hydrological properties
and saturation characteristics of the regional terrain (Lima et al.,
2022), reflects the influence of hydrological factors on slope stability,
and indirectly indicates the spatial distribution of landslides.
However, in actual SLSM studies, the significance of the
“distance” variables in morphological and geological aspects

remain uncertain and needs to be further discussed (Reichenbach
et al., 2018).

It is worth noting that DEM derived composite variables such as
the topographic wetness index (TWI), stream power index (SPI),
and sediment transport index (STI) are widely used among
hydrological variables. Particularly in recent years, the magnitude
and proportion of the application of these hydrological composite
variables have shown a significant increasing trend (Figure 4). One
of the most important reasons is that these composite variables can
effectively represent the hydrological distribution characteristics of
water and sediment movement in the region (Lian et al., 2008), and
also indirectly reflect the correlation between regional hydrology
and other factors, such as pore water pressure and permeability, that
affect slope stability (Zhang et al., 2021; Yin et al., 2022). With these
advantages, they are being increasingly applied to the prediction and
determination of the spatial distribution of landslides.

In nature, different environmental regions have corresponding
water resources and water environments (Yu, 2000), and the spatial
distribution of hydrological elements is extremely uneven across
regions, showing significant heterogeneity (Dong, 2015; Zheng et al.,
2022). Therefore, the accurate representation of the spatial
heterogeneity of hydrological variables is crucial for landslide
susceptibility analysis. However, only few scholars have discussed
this issue in detail thus far.

3.2.4 Land cover
Land cover variables and slope stability are closely related. At

present, scholars generally select land cover variables from two
aspects: vegetation and land use (Figure 3B). Vegetation is one of
the important and key factors. As vegetation is the natural protective
barrier of mountain slopes, it has the effects of slope reinforcement,
reducing water and soil loss, and mitigating mountain disasters
(Stokes et al., 2009; Qiu, 2012; Dai, 2021). Therefore, good
vegetation coverage is often an important predictor of regional
surface stability (Carrara et al., 1991).

In addition, under the influence of natural and human factors,
land cover variables are highly prone to change in space, which in
turn directly or indirectly affect the spatial distribution of landslides,
and ultimately lead to significant spatial differences in landslide
susceptibility (Reichenbach et al., 2014). With the advantages of
wide coverage and high resolution, remote sensing technology
provides an important and effective means for determining the
spatial change characteristics of land cover variables (Liu et al., 2010;
Zhang, 2016; Li et al., 2021). The analysis of the literature database
revealed that although remote sensing means account for a high
proportion in the acquisition methods of land cover variables (60%
and 70% for land use and vegetation variables, respectively),
researchers essentially began using remote sensing representation

TABLE 3 Remote sensing means for obtaining geological variables.

RS means Use Literature

Aerial photogrammetric
survey

Geological structure factor survey and Fault inversion Ayalew and Yamagishi (2005), Rossi et al. (2010)

Satellite image
interpretation

Formation lithology and mineral composition inversion, Missing fault
identification and Distance to fault extraction

Gómez and Kavzoglu (2005), Lee (2007), San (2014), Kavzoglu et al.
(2015), Pham et al. (2016), Pham et al. (2019), Azarafza et al. (2021),
Youssef and Pourghasemi (2021)

Frontiers in Earth Science frontiersin.org07

Zhao et al. 10.3389/feart.2023.1147427

9293

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1147427


only in recent history (Bordoni et al., 2020; Lin et al., 2021; Saha
et al., 2021). The spatial heterogeneity of variables in remote sensing
images is rarely included in the prediction and analysis of landslide
spatial distribution.

3.2.5 Climatic
Rainfall is one of the most widely used climate variables

(Figure 3B). Rainfall can induce slope deformation, which is
closely related to the spatial distribution of regional landslides
(Li, 2020). Moreover, historical rainfall records are easy to
obtain. Therefore, most researchers first consider rainfall when
selecting climatic variables (Guo et al., 2015; Chen and Li, 2020;
Balogun et al., 2021).

It is generally believed that the spatial distribution of
landslides, debris flows, and other geological disasters is
primarily controlled by rainfall variables. However, this is not
the case in some regions. For example, in the Xiaojiang basin of
Yunnan Province, the spatial distribution of debris flow disasters
does not simply increase with rainfall, but it has a significant
coupling relationship with the drought climate variables (Chen
et al., 2014). Rainfall has more of an inductive effect (Yang et al.,
2023), while the drought variable, representing regional
weathering and material accumulation, has a significant
control over the spatial distribution of disasters. For example,
in the Sanjiang region at high altitude, eight areas with strong
landslide development exhibit large differences in temperature
conditions (Yao et al., 2020), but the rainfall variable does not
show a significant dominant role. Furthermore, in the Haibalo
debris-flow basin in northwest Yunnan, outbreaks of large-scale
debris flows are often the result of the joint actions of rainfall and
glacier melt water attributable to temperature rise (Zhao et al.,
2020). It is observable that the heterogeneity of climatic
conditions has an important impact on the development and
distribution of geological disasters (Pourkhosravani et al., 2022).
Therefore, the significant spatial heterogeneity of climate
variables profoundly affects and controls the development and
distribution of geological disasters. This phenomenon deserves
in-depth analysis in future research because it may provide
deeper insight into landslide susceptibility.

3.2.6 Human activity
With the rapid development of the economy and society, human

activity variables are becoming increasingly more important in
susceptibility assessment. The distance to linear engineering
(highways, railways, etc.) is the most commonly used human
activity variable. Although some scholars (Bai et al., 2010; Lepore
et al., 2012) believe that the rationality of the impact of these
variables on the spatial distribution of landslides has not been
fully proved, distance variables related to human activities have
always been favored by many researchers in the study of SLSM
(Pham et al., 2018; Shao et al., 2020). The main reason is that such
factors can be directly and conveniently obtained through DEM or
topographic data with the help of GIS platforms.

Reichenbach et al. (2018) believe that different forms of linear
engineering over slopes (surface cutting or underground crossing,
etc.) will have distinct direct impacts on the stabilities of slopes.
Moreover, such different forms will also indirectly lead to spatial
differences in landslide distribution. With different types of
engineering activities, human activity variables exhibit spatial
heterogeneity characteristics similar to those of other
environmental variables. Therefore, the effects of such
heterogeneity characteristics on landslide susceptibility is worth
exploring in the future.

4 Discussion and prospect

Compared with the construction of SLSM models based on ML,
environmental variables have received very little attention.
Nevertheless, their qualities directly determine the scientific
nature and accuracy of the results of landslide susceptibility
prediction. Therefore, an in-depth exploration on improving the
quality of SLSM from the perspective of the acquisition and
utilization of the environmental variables will be very important
in the future. Through the literature review, this study identified two
major scientific issues that need to be solved urgently: 1) Effective
identification of important environmental variables required in
SLSM. 2) Effective representation of spatial heterogeneity of
environmental variables in SLSM modeling.

FIGURE 4
Application of composite hydrological variables.
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4.1 Identifying dominant environmental
variables

Existing methods of the qualitative selection and quantitative
screening of environmental variables have provided direct and
practical tools for researchers and also improved the quality of
the environmental variables involved in the assessment to a certain

extent. However, against the background of the relatively low overall
quality of SLSM (Reichenbach et al., 2018) and lack of in-depth
consideration of environmental characteristics in variable selection,
the method for identifying dominant variables for assessment
requires further improvement. First, geo-environmental
conditions significantly affect the spatial distribution of landslides
(Guzzetti et al., 2005). To ensure sufficient representativeness of the

FIGURE 5
Proposed approach for identifying dominant environmental variables. Influencing factors are variables that may affect the spatial distribution of
landslides. Step ① indicates the screening procedure of expressive variables based on field investigations and the researchers’ recognition of
environmental characteristics. Variables after step① indicate those that are more expressive in environmental characteristics, and are screened from the
qualitative perspective. Step ② indicates the identification procedure of dominant variables based on the correlation analysis of landslides and
variables, analysis of variable quality, and the influence analysis of variables on geomorphological evolution. Variables after step ② indicate those with
strong correlation with landslide, high quality, and significant geomorphological significance screened from a quantitative perspective.

FIGURE 6
Landslides distribution in Hong Kong Island. Landslides are dense in the north and sparse in the south, and the heterogeneity in landslide distributions
produces different susceptibility prediction results accordingly (Chau and Chan, 2005).
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landslide engineering geological properties and regional
environmental characteristics of a specific study area, the selected
environmental variables should be able to reflect such important
influencing factors. Furthermore, as a common geological disaster in
mountain areas, landslides are among the most intense surface
processes and external forces of regional geomorphological
evolution in the short and long terms (Broeckx et al., 2018), and
the spatial distribution of landslides reflects the development and
evolution characteristics of the landform to a large extent (Hu,
2019). It can be inferred that the regional geomorphological
evolution will also record important environmental information
required for predicting the spatial distribution of landslides to a large
extent. Therefore, the above two perspectives provide important
clues for solving the first scientific issue.

Based on the current research status and existing basis, this
study proposes the following method (Figure 5) for identifying the
dominant environmental variables for SLSM modeling. Firstly, as
many variables with potential effects on the spatial distribution of
landslides should be collected as possible based on the methods in
Table 1 and the researchers’ cognition of the geo-environment of the
study area. Subsequently, based on field surveying and the
environmental characteristics of the study area, environmental
variables with good representativeness of the environmental
characteristics should be screened out. Finally, on the basis of
traditional methods (Figure 1B), it is necessary to further explore
the impact of regional geomorphological evolution on landslide
distribution and further identify the geomorphological significance
of environmental variables and determine the dominant variables
for modeling.

4.2 SLSM analysis considering geospatial
patterns

Heterogeneity is a significant spatial distribution characteristic
of variables in the natural environment (Cheng et al., 2020; Fu et al.,
2021; Liu et al., 2022). As mentioned in Section 3.2, environmental
variables required for landslide susceptibility modeling also exhibit
significant spatial heterogeneity on the surface, which will lead to
different dominant environmental variables and their combinations
in different heterogeneous regions. However, considering the
current research status, although a few researchers have begun to
pay attention to the heterogeneity of environmental variables in
landslide susceptibility research (Chang et al., 2022), the realization
and understanding of the spatial pattern of the heterogeneity of
environmental variables are lacking. Therefore, further exploration
is urgently required.

In reality, different regional environmental characteristics will
lead to regional differences in the spatial distribution of landslides,
which will further lead to different results (Figure 6). According to
field surveys, the established spatial distribution of landslides and
heterogeneity of environmental variables determine the unique
distribution of landslide susceptibility in a given study area,
leading to specific spatial patterns. Therefore, in future SLSM
research, it is necessary to draw on the idea of research concepts
and methods involving the geospatial pattern (Fu, 2014), which
would provide a means for solving the second scientific issue.
Moreover, SLSM models should be constructed by considering

the specific geospatial patterns of the study area. This may be a
research direction worth considering for improving the quality of
SLSM in the future.

4.3 Applicability and limitation

In fact, as important input information in SLSM studies at the
regional scale, the environmental variables involved in the
evaluation represent environmental factors affecting the
development and distribution of landslides in the study area.
Therefore, their acquisition and application should be based on
the actual environmental characteristics. Every region has distinctive
dominant variables in a specific environment. The identification
method discussed in this study (Figure 5) can realize the acquisition
of dominant variables from the qualitative (Figure 5 Step ①) and
quantitative (Figure 5 Step②) perspectives. The purpose is to select
the most representative and high-quality evaluation factors.
However, this method also has some limitations, in that a certain
theoretical basis of geomorphology is required and researchers are
required to have a deep understanding of environmental
characteristics.

The geospatial pattern represents the difference of regional
environmental characteristics, which is directly related to the
distribution pattern of landslide susceptibility. In fact, the spatial
heterogeneity of environmental variables required for SLSM cannot
be fully reflected for all regions. For example, the SLSM analysis
method mentioned in this study may not be applicable to areas with
small area and insignificant environmental differences. In contrast,
it may have good reference value for areas with significant
differences in environmental characteristics such as landform,
geology and climate.

5 Conclusion

Based on the literature database composed of 261 peer-reviewed
articles (from 2002 to 2021), this paper systematically summarizes
the status of the acquisition and utilization of environmental
variables used in SLSM. Moreover, possible research directions in
the future are explored.

(1) As one of the important input information of SLSM models,
environmental variables significantly affect the accuracy of
susceptibility predictions. However, compared with the
construction of ML-based susceptibility models, the
acquisition and utilization of high-quality environmental
variables have received very little attention.

(2) This review revealed that although the current acquisition
methods of environmental variables provide direct and
practical guidance for researchers to some extent, the
environmental variables still lack representativeness of the
landslide engineering geological properties and
environmental characteristics of specific regions and their
geomorphological significance. In other words, the
environmental variables used in susceptibility assessment are
not all dominant factors. Accordingly, one major scientific issue
is raised: Effective identification of important environmental
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variables required in SLSM. In view of this, an approach for
identifying dominant environmental variables is preliminarily
proposed. Nevertheless, the identification method requires a
deep understanding of environmental characteristics and a
certain theoretical basis of geomorphology.

(3) This review also revealed that the current approach of utilizing
various types of environmental variables is generally not based on
the acknowledgment and understanding of the spatial
heterogeneity of variables. Accordingly, another major scientific
issue is raised: Effective representation of the spatial heterogeneity
of environmental variables in SLSM modeling. Given that the
established distribution of landslides and the heterogeneity of
environmental variables constitute a specific spatial pattern, the
concepts and methods of the geospatial pattern (Fu, 2014) should
be fully taken into consideration for areas with significant
environmental heterogeneity in future SLSM research.
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1College of Construction Engineering, Jilin University, Changchun, China, 2China Water Resources Bei
Fang Investigation, Design & Research Co. LTD., Tianjin, China

The main purpose of this study was to compare two types of watershed units
divided by the hydrological analysis method (HWUs) and mean curvature method
(CWUs) for debris flow susceptibility mapping (DFSM) in Northeast China. Firstly, a
debris flow inventory map consisting of 129 debris flows and 129 non-debris flows
was randomly divided into a ratio of 70% and 30% for training and testing.
Secondly, 13 influencing factors were selected and the correlations between
these factors and the debris flows were determined by frequency ration
analysis. Then, two types of watershed units (HWUs and CWUs) were divided
and logistic regression (LR), multilayer perceptron (MLP), classification and
regression tree (CART) and Bayesian network (BN) were selected as the
evaluation models. Finally, the predictive capabilities of the models were
verified using the predictive accuracy (ACC), the Kappa coefficient and the area
under the receiver operating characteristic curve (AUC). The mean AUC, ACC and
Kappa of four models (LR, MLP, CART and BN) in the training stage were 0.977,
0.931, and 0.861, respectively, for the HWUs, while 0.961, 0.905, and 0.810,
respectively, for the CWUs; in the testing stage, were 0.904, 0.818, and 0.635,
respectively, for the HWUs, while 0.883, 0.800, and 0.601, respectively, for the
CWUs, which showed that HWU model has a higher debris flow prediction
performance compared with the CWU model. The CWU-based model can
reflect the spatial distribution probability of debris flows in the study area
overall and can be used as an alternative model.

KEYWORDS

debris flow susceptibility mapping, watershed units, hydrological analysis method, mean
curvature method, machine learning model

1 Introduction

According to the China Statistical Yearbook (http://www.stats.gov.cn/tjsj/ndsj/), a
total of 7,840 geological disasters occurred in China in 2020, resulting in 197 casualties
and direct economic losses of 740 million dollars, of which debris flows accounted for
11.46%. Debris flows are among the most frequent and destructive disasters in
mountainous areas (Dash et al., 2022; Jiang et al., 2022; Qiu et al., 2022). Debris
flow susceptibility mapping (DFSM), representing where debris flows are likely to
occur, plays an important role in debris flow management strategies and has been a hot
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topic in disaster research worldwide (Ilia and Tsangaratos,
2015; Qin et al., 2019; Sun et al., 2021; Yao et al., 2022).

There are many uncertainties in the process of disaster
susceptibility mapping, such as selecting appropriate mapping
units, determining evaluation models, screening influencing
factors, determining the proportion of training and testing
data and others (Tien Bui et al., 2015; Cama et al., 2016;
Zezere et al., 2017; Chen et al., 2018; Du et al., 2018; Dou
et al., 2019; Qiao et al., 2021). Among the above uncertainty
factors, selecting appropriate mapping units is the first step to
address disasters and environmental factors. The mapping unit is
the basic functional spatial element for dividing the study area
(Cama et al., 2016). The term refers to a portion of the land
surface which contains a set of ground conditions that differ from

the adjacent units across definable boundaries (Van Den
Eeckhaut et al., 2009). The selection of mapping units affects
the methods used to address the uncertainty in the input data, the
model fitting, the reliability of disaster susceptibility mapping
and the application of disaster susceptibility mapping in disaster
prevention and mitigation (Fausto Guzzetti et al., 1999; Cama
et al., 2016; Qiao et al., 2021). At present, mapping units mainly
include the following classes: grid cell units, slope units,
watershed units, topographic units, geohydrological units,
political or administrative units, and unique condition units
(Van Den Eeckhaut et al., 2009; Chen et al., 2019; Sun et al.,
2020).

For DFSM, grid cell units and watershed units are used
frequently. Grid cell units are the most popular mapping units

FIGURE 1
The geographic location of the study area.
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with the same cell size, fast processing speed and simple
algorithm (Reichenbach et al., 2018). However, the division of
grid cells destroys the integrity of debris flows and is almost
completely unrelated to geological and topographic information
(Dragut and Eisank, 2011; Wang et al., 2017). Moreover, since
debris flows are a dynamic process, the DFSM based on grid cell
units cannot comprehensively reflect spatial information (Qin
et al., 2019). Watershed refers to the river catchment area that is
surrounded by the water-parting line; it is the basic unit for the
development and activity of debris flows, and it is the object of
exploration, research, and prevention of debris flows.
Furthermore, the watershed unit includes the formation area,
circulation area, and accumulation area of a debris flow (Qin
et al., 2019). Compared with grid cell units, watershed units can
completely consider the spatial information of a debris flow.
Some scholars have carried out DFSM based on watershed units
and obtained reliable results. Qin et al. (2019) explored the
accuracy and practicability of mapping units for the
evaluation of debris flow susceptibility based on grid cell units
and watershed units, and the results showed that watershed units
were more feasible than grid cell units when considering the
effects of geology and geomorphology on the occurrence of debris
flows. Qiao et al. (2021) proposed a region-partitioning method
for DFSM based on the topographic characteristics of watershed
units, and the results demonstrated that this method can enable
more reasonable regional-scale DFSM. Li et al. (2017) presented
an application of the rock engineering system and fuzzy C-means
algorithm for debris flow susceptibility assessment using
watershed units as mapping units in the Wudongde Dam area,
the evaluation results agreed well with field investigations. Zou
et al. (2019) developed a quantitative method for regional risk

assessment of debris flows by analyzing in-depth the
relationships among hazard-forming environments, disaster
factors and elements at risk based on hydrological response
units. The presented method may serve as pertinent guidance
for regional risk assessment of debris flows. In addition, some
scholars have used watershed units to evaluate and compare the
performance of different evaluation models for DFSM (Liang
et al., 2020; Xiong et al., 2020), and the conclusions provide
helpful data for assessing and mitigating debris flow hazards.
Therefore, it is important to carry out research based on
watershed units, which provide more evidence and views for
DFSM research. The commonly used watershed units are based
on the hydrological analysis model, also known as hydrological
response units (Li et al., 2021). In addition, watershed units can
be generated based on the mean curvature model (Romstad and
Etzelmüller, 2012). To compare the results of applying different
watershed units in DFSM, we extracted the watershed units based
on the hydrological analysis method and mean curvature method
in the study.

There are plenty of evaluation models for disaster
susceptibility mapping, from qualitative approaches to
quantitative approaches (Aditian et al., 2018; Huang et al.,
2020; Asadi et al., 2022). Qualitative methods are based on air
photo and field interpretation and the opinions of an individual
or a group of experts (Aditian et al., 2018; Ghasemian et al.,
2022b). Some qualitative methods include ranking and
weighting, such as analytic hierarchy process and weighted
linear combination (Ayalew and Yamagishi 2005; Rozos et al.,
2010). These qualitative or semi-quantitative methods are
subjective and highly dependent on experts’ knowledge, and
are not suitable for large-scale research fields (Bălteanu et al.,

FIGURE 2
Geological map and debris flow field photos of the study area: (A) geological map; (B–E) debris flow field photos.
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2010). Quantitative statistical models are built based on
appropriate mathematical models to analyze the statistical
relations between disasters and influencing factors (Hadmoko
et al., 2017; Ghasemian et al., 2022b), including the information
value (Xu et al., 2012), certainty factor concepts (Devkota et al.,
2012), frequency ratio method (Balamurugan et al., 2016),
bivariate statistical analysis (Ayalew and Yamagishi 2005),
index of entropy (Shirani et al., 2018), weight of evidence
(Constantin et al., 2010), evidential belief functions (Carranza
2014), logistic regression (Cao et al., 2019), etc.Machine learning
models are now widely used because these models can analyze the
non-linear corrections between past events and the influencing
factors and they predict where disasters will occur (He et al.,
2012; Xiong et al., 2020). These models include artificial neural
networks (Pham et al., 2017; Chen et al., 2021; Chen et al., 2022),
support vector machines (Colkesen et al., 2016), random forest
(Hong et al., 2016), decision trees (Althuwaynee et al., 2014),
classification and regression tree (Youssef et al., 2015), boosted
regression trees (Xiong et al., 2020), Bayesian network (Song
et al., 2012), adaptive neuro-fuzzy inference (Jaafari et al., 2019),
logistic model tree (Tien Bui et al., 2015) and random gradient

descent (Hong et al., 2020). Reichenbach et al. (2018) reviewed
the statistically-based landslide susceptibility assessment
literature from 1983 to 2016, and found that the most
common statistical methods for landslide susceptibility
modeling include logistic regression, neural network analysis,
data-overlay and index-based and weight of evidence analyses. In
this study, to avoid the model uncertainty caused by different
evaluation models, we use logistic regression (LR), multilayer
perceptron (MLP), classification and regression tree (CART) and
Bayesian network (BN) to carry out DFSM based on two types of
watershed units.

This study compared and analysed the applicability of two
different watershed units in regional DFSM based on four
models (LR, MLP, CART, and BN). The main purpose is to
support the selection of watershed units for DFSM. Yongji
county in the Jilin Province, China was taken as the study region
because it is under serious threat of frequent debris flows. The
division process and results of two types of watershed units were
compared. Eight DFSMs are discussed and AUC, ACC, and Kappa
analyses were used to evaluate the accuracy of the debris flow
susceptibility models.

FIGURE 3
Classification process of the watershed units: (A) hydrological analysis method and (B) mean curvature method.
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2 Study area

2.1 General settings

Yongji county is located in central eastern Jilin Province, China
(Figure 1), which covers a total area of 2,620 km2. The number of
debris flows in Yongji county has increased from 71 in 2007 to 129 in
2021, causing several deaths, destroying hundreds of houses and
thousands of acres of farmland. The debris flows scoured the
roadbed and piled up on the road, resulting in traffic paralysis. It
is necessary and urgent to map the susceptibility of debris flows in
Yongji county.

The study area lies between 125°48′09″E to 126°40′01″E
longitude and 43°18′07″N to 43°35′00″N latitude. There are four
landforms in the entire area: middle mountains, low mountains,
platform, and river valley. From southeast to northwest, the
landforms of the study area are middle mountains, low
mountains and platform with the altitudes ranging from 1,386 to
182 m. In addition to several andesites and metamorphic rocks, the
main rock type is Yanshan Early Granite. The study area lies in the
Tianshan–Xingan geosyncline fold area of the Jilin and Heilongjiang
fold system (Qin et al., 2019). Folds and faults are relatively
developed in Yongji county, which provides conditions for the
occurrence of geological disasters (Figure 2A). Yongji county is
in the mid-latitude subtemperate continental climate zone with an
annual average precipitation of 722.75 mm. There are 39 rivers
covering an area of more than 20 km2. The main rivers include the
Yinma River, Wende River, Chalu River and Aolong River.

2.2 Debris flow data inventory

A debris flow inventory map is a prerequisite for DFSM(Xu
et al., 2012; Arabameri et al., 2020; Dash et al., 2022). A total of
129 debris flows were collected based on field surveys and historical

materials. Figure 2A shows that debris flows are mainly distributed
across the southeast mountain area. Statistics show that among
129 debris flows, only 7 are medium in size and 122 are small. In
recent years, the increase in debris flow frequency in Yongji county
has been closely related to deforestation and reclamation. With the
destruction of forest vegetation, rainfall is more likely to cause soil
erosion, which gradually forms a series of gullies. These gullies
provide circulation conditions for debris flows. Figures 2B–E shows
some images of occurred debris flows in the study area.

3 Watershed units

3.1 Division methods for different watershed
units

In this study, the extraction of watershed units was completed in
ArcGIS 10.2 software (Tien Bui et al., 2015; Cao et al., 2019). The
most commonly used watershed units (HWUs) are classified by the
hydrological principles (Fausto Guzzetti et al., 1999). HWUs are
derived based on an 8-direction flow algorithm (Horton et al., 2013).
Establishing the HWUs consists of the following six steps: 1) filling
the original DEM, 2) extracting the flow direction, 3) calculating the
flow accumulation, 4) extracting river networks based on a
threshold, 5) stream linking, 6) dividing HWUs based on flow
direction and stream linking. The detailed classification process is
shown in Figure 3A.

In addition, watershed units can be generated based on the mean
curvature method (CWUs). The mean curvature is a simple
combination of profile curvature and plan curvature. Its
maximum and minimum values can indicate the changes in
aspect and slope positions at the same time. Therefore, the mean
curvature can reflect the ridge line, valley line, platform edge and
wide valley edge (Romstad and Etzelmüller, 2012). Establishing the
CWUs consists of the following five steps: 1) smoothing the original

FIGURE 4
Division of watershed units: (A) hydrological analysis method and (B) mean curvature method.
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DEM, 2) calculating the mean curvature, 3) extracting the flow
direction, 4) filling depressions based on flow direction data, and 5)
dividing CWUs based on flow direction and depressions. The
detailed classification process is shown in Figure 3B.

3.2 Watershed unit classification results

For HWUs, the number and size are closely related to DEM
resolution and flow threshold, but for CWUs, the control factor is

FIGURE 5
Flowchart of the research methodology.
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only DEM resolution. For HWUs, flow threshold values of 500,
1,000, 2000, 5,000, and 10,000 were chosen based on a DEM with
a resolution of 30 m. For CWUs, we resampled the DEM with

resolutions of 50, 100, 200, 300, 500, and 1,000. To ensure that the
number and size of the two types of watershed units were not
much different and consistent with the actual watersheds, a flow

FIGURE 6
(Continued).
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threshold of 1,000 and a DEM resolution of 300 were selected to
divide the watershed units. For the HWUs, the study area was
divided into 1,092 watershed units. The smallest unit was
0.10 km2, the largest unit was 13.63 km2, and the mean size

was 2.40 km2 (Figure 4A). For CWUs, the study area was divided
into 1,211 watershed units. The smallest unit was 0.11 km2, the
largest unit was 8.87 km2, and the mean size was 2.17 km2

(Figure 4B).

FIGURE 6
(Continued).

Frontiers in Earth Science frontiersin.org08

Lv et al. 10.3389/feart.2023.1118160

107108

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1118160


4 Materials and methods

The flowchart of the research methodology is shown in Figure 5.
DFSM of Yongji county using four models (LR, MLP, CART, and
BN) and watershed units (HWUs and CWUs) have been carried out
in five main steps: 1) data collection and screening influencing
factors, 2) division of two types of watershed units, 3) calculation of
frequency ratio values (FRs) for all influencing factors, 4) building
debris flow models and constructing DFSM, and 5) debris flow
model validation and comparison using AUC, ACC and Kappa.

4.1 Screening influencing factors

The occurrence of debris flows is affected by many factors
including topographic, geomorphologic, geological, ecological and
meteorological factors (Zhang et al., 2012; Bregoli et al., 2014; Hu
et al., 2014). Based on field observations, available literature and
expert experience, fourteen influencing factors were considered,
such as watershed area, relative height difference, watershed
average elevation, watershed slope, mean curvature, fault density,
river density, stream power index (SPI), topographic wetness index
(TWI), plan normalized difference vegetation index (NDVI),
landforms, precipitation, land use and lithology.

Because substantial collinearity will lead to model instability,
collinearity analysis is essential before influencing factors are applied
for DFSM(Qiu et al., 2022). Person’s correlation coefficient was
calculated to test the collinear relationship among these factors, and
the results are shown inTable 1. There is no correlation coefficient when
the absolute value is less than 0.7 (Dormann et al., 2013; Yao et al.,
2022). There was high collinearity between relative height difference
and watershed average elevation, and the Person’s correlation
coefficient was 0.86. In addition, the value of collinearity between

watershed average elevation and precipitation was 0.69. Therefore,
the watershed average elevation was eliminated.

The watershed area, relative height difference, watershed slope,
mean curvature, SPI and TWI were extracted from the DEM with a
resolution of 30 m. Fault, river, and lithology data were acquired from
the geological map of Yongji county and field investigations. The
Landsat 8 image taken on 11 August 2021, was used to produce the
NDVI. Landforms, precipitation, and land use were provided by
government reports. Thirteen influencing factors were converted to
a grid cell with a resolution of 30 m in ArcGIS 10.2 (Chen et al., 2017).
Table 2 shows date source and scale of influencing factors. When
watershed units are applied to DFSM, grid patterns for each factor need
to be transferred to the corresponding watershed units. For watershed
area, geometric calculation in the attribute table was used to calculate
the area of each watershed. The difference between the highest and the
lowest points in each watershed was calculated as a relative height
difference (Qin et al., 2019). For watershed slope, mean curvature, SPI,
TWI, and NDVI, the zonal statistics tool in the spatial analysis was used
and the statistical type was “mean.” The length of faults and rivers in
each watershed was extracted by using the intersection tool, and then,
the fault density and river density in each watershed were calculated
using the field calculator. Precipitation for each watershed was
determined based on the principle of majority, and this principle
was also applied to factors of landforms, land use and lithology. The
data types of precipitation, landforms, land use and lithology are
discrete, while the data types of other factors are continuous. The
influencing factor layers based on HWUs with a flow threshold of
1,000 are shown in Figure 6.

The FRs of the influencing factor subclass were used as the input
variable of the DFSM models (Huang et al., 2020). Based on a series
of previous studies (Xu et al., 2012; Aditian et al., 2018; Vakhshoori
et al., 2019; Chang et al., 2020), we divided the continuous factor into
eight levels using the natural fracture method. Taking HWUs with a
flow threshold of 1,000 as an example, the FRs for each level of
thirteen factors are shown in Table 3.

4.2 Logistic regression (LR)

Logistic regression (LR) may be the most widely used statistical
technique in susceptibility assessment (Colkesen et al., 2016). As a
multivariate regression method, LR can find a model to describe the
relationship between multiple independent variables and a
dependent variable (Lee and Pradhan 2006; Lee 2007;
Pourghasemi et al., 2013). For DFSM, the influencing factors are
considered the independent variables and the occurrence and non-
occurrence of debris flows are considered the dependent variables.
For LR, variables may be continuous, discrete or arbitrary
combinations of two types (Lee, 2007). LR can be expressed as
follows (Ayalew and Yamagishi 2005; Yalcin et al., 2011; Schlögel
et al., 2018):

P � 1
1 + e−z

(1)
Z � α + β1x1 + β2x2 + . . . βnxn (2)

where P denotes the probability of a debris flow occurrence in each
watershed, varying between 0 and 1;Z represents the dependent variable
including non-debris flows (0) and debris flows (1); α represents the

FIGURE 6
(Continued). Maps of influencing factors based on HWUs with a
flow threshold of 1,000: (A) watershed area; (B) relative height
difference; (C) watershed slope; (D) mean curvature; (E) fault density;
(F) river density; (G) SPI; (H) TWI; (I) NDVI; (J) landforms; (K)
precipitation; (L) land use; (M) lithology.
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intercept of the regression function, β1, β2, . . . βn are the regression
coefficients; and x1, x2, . . . xn are the debris flow influencing factors.

4.3 Multilayer perceptron (MLP)

Multilayer perceptron (MLP) is a kind of artificial neural network
and has been widely used in classification (Tien Bui et al., 2015; Pham

et al., 2017). The MLP generally consists of three main components,
namely, input layers, hidden layers, and output layers (Kavzoglu and
Mather 2003). For DFSM, the input layers are considered the
influencing factors of debris flow, the output layers are considered
the classification result of inferring debris flow or non-debris flow, and
the hidden layers are considered the classification layers that convert
input into output. The MLP model with only one hidden layer is the
most basic three-tier structure model, which can fit and predict many

TABLE 1 The results of the Person’s Correlation Coefficient.

Factors WA E RHD WS F R NDVI SPI TWI Pre MC LU LF Li

WA 1.00

E 0.04 1.00

RHD 0.25 0.86 1.00

WS 0.00 0.33 0.29 1.00

F −0.03 0.22 0.09 0.02 1.00

R −0.05 −0.44 −0.36 −0.36 −0.18 1.00

NDVI −0.10 −0.30 −0.38 −0.22 −0.08 0.17 1.00

SPI 0.06 0.45 0.46 0.23 0.14 −0.19 −0.23 1.00

TWI 0.00 0.00 0.04 −0.55 0.00 0.20 0.02 0.36 1.00

Pre −0.02 0.69 0.48 0.21 0.18 −0.24 −0.43 0.42 0.02 1.00

MC −0.10 −0.19 −0.19 −0.03 −0.08 0.03 0.06 −0.42 −0.25 −0.11 1.00

LU 0.02 −0.17 −0.17 −0.59 0.11 0.31 0.18 −0.04 0.37 −0.08 −0.13 1.00

LF 0.03 0.33 0.30 0.42 0.12 −0.34 −0.28 0.27 −0.16 0.36 −0.16 −0.26 1.00

Li 0.00 −0.10 −0.09 −0.48 −0.04 0.23 0.13 −0.15 0.29 −0.03 0.05 0.31 −0.28 1.00

(‘WA’ represents ‘Watershed area’, ‘E’ represents ‘Watershed average elevation’, ‘RHD’ represents ‘Relative height difference’, ‘WS’ represents ‘Watershed slope’, ‘F’ represents ‘Fault density’, ‘R’

represents ‘River density’, ‘NDVI’ represents ‘Plan normalized difference vegetation index’, ‘SPI’ represents ‘Stream power index’, ‘TWI’ represents ‘topographic wetness index’, ‘Pre’ represents

‘precipitation’, ‘MC’ represents ‘mean curvature’, ‘LU’ represents ‘Land use’, ‘LF’ represents ‘Landforms’ and ‘Li’ represents ‘Lithology’).

TABLE 2 Date source and scale of influencing factors.

Factors Data source Scale

Watershed area (km2) DEM 30 m × 30 m

Relative height difference (m) DEM 30 m × 30 m

Watershed slope (°) DEM 30 m × 30 m

Mean curvature DEM 30 m × 30 m

Fault density (km/km2) The geological map of Yongji County and field investigations 1:200000

River density (km/km2) The geological map of Yongji County and field investigations 1:200000

SPI DEM 30 m × 30 m

TWI DEM 30 m × 30 m

NDVI The Landsat 8 image 30 m × 30 m

Landforms Government reports 1:200000

Precipitation (mm) Government reports 1:200000

Land use Government reports 1:200000

Lithology The geological map of Yongji County and field investigations 1:200000
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TABLE 3 Description and FRs of all the influencing factors (HWUs with a flow threshold of 1,000).

Factors Descriptions of influencing factors Class FR

Watershed area (km2) The watershed area is generally proportional to the amount of water in the catchment and material sources. The greater the material sources are, the
stronger the destructive power is

0.10–1.17 0.92

1.17–2.01 0.36

2.01–2.84 1.01

2.84–3.86 1.43

3.86–5.03 0.95

5.03–6.64 0.14

6.64–8.84 3.14

8.94–13.64 1.77

Relative height difference (m) The relative elevation difference is the value between the highest and lowest elevations in a watershed unit Shi et al. (2015). The greater the height
difference is, the greater the potential energy of the debris flow is, loose deposits are easy to move under water scouring, and the kinetic energy of debris
flow is also high

1.88–58.41 0.00

58.41–125.09 0.22

125.09–187.63 0.82

187.63–251.52 0.80

251.52–323.73 1.28

323.73–429.99 1.76

429.99–590.74 3.95

590.74–817.72 2.98

Watershed slope (°) The watershed slope represents the average slope within the watershed. The greater the watershed slope is, the worse the slope stability is, which provides
materials for debris flows

0.02–3.77 0.00

3.77–5.54 0.68

5.54–7.42 0.80

7.42–9.40 1.25

9.40–11.46 2.18

11.46–14.46 2.29

14.46–22.29 2.43

Mean curvature Curvature is generally used to describe the physical characteristics of the watershed and understand the erosion process Li et al. (2021) −0.0585–−0.0094 2.34

−0.0094–−0.0037 2.15

−0.0037–−0.0016 1.93

−0.0016–−0.0002 1.18

−0.0002–0.0009 0.50

(Continued on following page)
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TABLE 3 (Continued) Description and FRs of all the influencing factors (HWUs with a flow threshold of 1,000).

Factors Descriptions of influencing factors Class FR

0.0009–0.0028 0.87

0.0028–0.0060 0.61

0.0060–0.0226 4.84

Fault density (km/km2) Faults are often related to seismic activity. Earthquakes produce loose deposits which provides materials for debris flows Hong et al. (2015) 0–0.07 0.82

0.07–0.19 3.22

0.19–0.33 0.62

0.33–0.44 1.82

0.44–0.58 1.45

0.58–0.79 0.37

0.79–1.11 4.41

1.11–2.54 1.04

River density (km/km2) River density is the ratio of total river length in a watershed to the watershed area Lei et al. (2010). The river will erode the rock mass and destroy the
stability of the slope, which provides conditions for the formation of debris flows

0–0.18 0.61

0.18–0.46 0.78

0.46–0.69 2.07

0.69–0.97 1.10

0.97–1.36 0.65

1.36–1.90 0.22

1.90–2.81 0.15

2.81–5.46 0.00

SPI SPI is used to measure the erosion power of the stream Althuwaynee et al. (2014) −4.96–1.13 0.00

1.13–1.73 0.14

1.73–2.29 0.57

2.29–2.81 0.87

2.81–3.33 1.93

3.33–4.53 2.50

TWI The higher the TWI value is, the higher the soil water content is, indicating a higher potential for triggering debris flows in the watershed (Esper Angillieri.
(2020)

5.85–6.79 2.15

6.79–7.23 1.59

7.23–7.73 1.03

(Continued on following page)
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TABLE 3 (Continued) Description and FRs of all the influencing factors (HWUs with a flow threshold of 1,000).

Factors Descriptions of influencing factors Class FR

7.73–8.32 0.54

8.32–8.96 0.12

8.96–18.43 0.00

NDVI The NDVI reflects vegetation coverage. High vegetation coverage is conducive to soil and water conservation and can reduce the amount of materials in
debris flows

−0.09–0.08 1.52

0.08–0.12 1.31

0.12–0.17 1.17

0.17–0.23 1.53

0.23–0.29 0.40

0.29–0.36 0.99

0.36–0.43 0.35

0.43–0.54 0.21

Landforms Landforms affect the formation, movement and scale of debris flows. Mountain areas are prone to debris flows due to the large slope and fast water
catchment speed

Platform 0.00

River valley 0.27

Low mountains 0.37

Middle mountains 3.15

Precipitation (mm) Precipitation provides water and dynamic conditions for debris flows 650–675 0.00

675–700 0.25

700–715 2.05

715–730 0.83

Land use Land use is closely related to the occurrence of debris flows. For example, farmland is prone to debris flows due to serious soil erosion Forest 1.45

Residential land 1.04

Surface of the water 0.00

Farmland 0.51

Lithology For different lithologies, their hardness, resistance to erosion and weathering are also different Relatively hard clastic rock 0.94

Soft clastic rock 0.87

Hard bedded rock 0.00

Hard massive rock 2.00

Soil mass 0.25
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non-linear problems (Li et al., 2019). In this study, a single-hidden-layer
MLP model is used in DFSM. For example, n0, n1 and n2 represent the
number of input, hidden and output layers, respectively, and the input
variables are X � [x1, x2 . . . , xn0]. Then, the input and output of the
hidden layer are: (Li et al., 2019; Huang et al., 2020):

zj � ∑n0

i�1wijxi + bj (3)
yj � f zj( ) � 1 + e−zj( )−1 (4)

where zj, bj and yj represent the y th input variable, threshold value
and output variable of the neuron in the hidden layer, respectively,
wij represents the weight value between the i th input neuron and
the j th neuron in the hidden layer, and f(zj) represents the
activation function. Then the input and output of neurons in the
output layer are:

zk � ∑n1

j�1wjkyi + bk (5)
yk � zk (6)

where zk, bk and yk represent the j th input variable, threshold value
and output variable of the neuron in the output layer, respectively,
wik represents the weight value between the j th neuron in the
hidden layer and the k th output neuron.

4.4 Classification and regression tree (CART)

The decision tree model is a technique that uses a tree structure
to discover and describe structural patterns in data. It does not
require a preestablished relationship between all input variables and
a target variable (Hitoshi Saito and Matsuyama, 2009). As an
algorithm of the decision tree model, classification and regression

tree (CART) was first proposed by Breiman et al. (1984) The CART
consists of a root node, a set of internal nodes and a set of leaf nodes.
The leaf nodes correspond to the classification result, and the other
nodes correspond to the classification rules. CART was selected as
the decision tree model in this study in view of its performance
efficiency (Wang et al., 2015).

4.5 Bayesian network (BN)

The Bayesian network (BN) is a graphical model for
probabilistic relationships among a set of variables (Song et al.,
2012). BN can be represented by directed acyclic graphs and
conditional probabilities, reflecting the independent and
interdependent relationship among various variables. The
calculation formula is given as follows (Han et al., 2019):

P L,M,N( ) � P L( ) × P M|L( ) × P N|L,M( ) (7)

where P(L) is the prior probability, indicating the conditional
probability without the parent node, P(M|L) is the conditional
probability, indicating the occurrence probability of M under L
conditions and P(N|L,M) is the conditional probability, indicating
the occurrence probability of N under L and M conditions.

4.6 Model performance evaluation

In this study, three commonly used criteria, including the
predictive accuracy (ACC), the Kappa coefficient and the area
under the receiver operating characteristic curve (AUC) were
used to evaluate the prediction ability of DFSMs. The calculation
of the three criteria is based on the confusion matrix (Ghasemian
et al., 2022a). The confusion matrix, also known as the error matrix,
is a standard format for accuracy evaluation. The confusion matrix
can represent the difference between the model prediction results
and the actual observation results (Xiong et al., 2020). In this study,
the confusion matrix of the debris flow susceptibility predictive
models is shown in Table 4. For example, a true positive (TP)
suggests that the prediction result is ‘Debris-Flow’, and the actual
observation result is ‘Debris-Flow’.

The predictive accuracy (ACC) represents the ratio of correctly
predicted observations to total observations. This index shows how
well the debris flow model works:

ACC � TP + TN

TP + FN + FP + TN
(8)

The Kappa index is used to assess the acceptability of debris flow
models which can be calculated by:

TABLE 4 Confusion matrix.

Prediction
Actuality

Debris-flow (1) Non-Debris-flow (0)

Debris-Flow (1) True positive (TP) False negative (FN)

Non-Debris-Flow (0) False positive (FP) True negative (TN)

FIGURE 7
Contribution of influencing factors.
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K � p0 − pe

1 − pe
(9)

pe � A × a + B × b

n2
(10)

where K is the Kappa coefficient; p0 is overall classification
accuracy, namely, ACC; A is the actual number of debris
flows, and it is also the sum of TP and FN (Table 4); B is the
actual number of non-debris flows, and it is also the sum of FP

FIGURE 8
(Continued).

Frontiers in Earth Science frontiersin.org15

Lv et al. 10.3389/feart.2023.1118160

114115

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1118160


and TN; a is the predicted number of debris flows, and it is also
the sum of TP and FP; b is the predicted number of non-debris
flows, and it is also the sum of FN and TN; n is the total number of
samples, and it is also the sum of A and B or a and b. The K varies
from 0.0 to 1.0, the higher the K value is, the better the
classification accuracy of the model.

The receiver operating characteristic (ROC) curve and area
under the curve (AUC) can compare the prediction
performance of different classifiers (Akgun et al., 2012). The
abscissa and ordinate of the ROC are the false-positive rate
(FPR) and true-positive rate (TPR) respectively. They can be
obtained from the following equations (Pourghasemi et al.,
2013):

FPR � FP

FP + TN
(11)

TPR � TP

TP + FN
(12)

AUC represents the quality of models that reliably predict the
occurrence or non-occurrence of debris flows. The AUC varies from
0.5 to 1.0, and the higher the AUC value is, the better the prediction
performance of the model.

5 Results and validation

5.1 Model parameters

The whole analysis process was implemented in IBM SPSS
software (Sun et al., 2019; Sun et al., 2021). For LR, the forward
step mode was adopted to screened variables. For BN model, the
mechanism type was Tree Augmented naive Bayes (TAN), and
Bayesian adjustment of small cell count was selected as a
parameter learning method. For MLP, one hidden layer was
selected, and the maximum training time was used as the

termination rule. For CART, the maximum tree depth was set
to 10, and percentage was used as the termination rule. Other
parameters are default.

5.2 Contribution of debris flow influencing
factors

The Chi-Squared statistic was employed to identify the most
important factors affecting the occurrence of debris flows in the
study area (Ghasemian et al., 2022a). Figure 7 shows that
landforms have the highest impact (128.5) on debris flows in
the study area, followed by relative height difference and SPI
(114.5), watershed slope (110.5), TWI (82.5), precipitation
(74.5), lithology (60), land use (43.5), watershed area (27.5),
river density (26.5), mean curvature (24), NDVI (23), and
fault density (21.5).

5.3 Spatial datasets for model building

According to field surveys and historical materials, a total of
129 debris flows were collected. Meanwhile, 129 non-debris flows
were selected, which were at least 500 m away from the nearest
debris flow (Figure 4) (Dou et al., 2019; Sun et al., 2020). Assigned
1 and 0 for debris flows and non-debris flows, respectively. The FRs
of the thirteen influencing factors shown in Table 2 were taken as the
input variables, and the debris flows and non-debris flows were
taken as the output variables. For all 258 samples, 70% (n = 180)
were selected randomly for training data, which were used to create
the DFSMmodels. The remaining 30% (n = 78) were used as testing
data, which were applied to validate the DFSMmodels. Based on two
types of watershed units (HWUs and CWUs) and four models (LR,
MLP, CART and BN), eight DFSMs of Yongji county were
completed.

FIGURE 8
(Continued). Eight DFSMs: (A) DFSM of HWUs and LR; (B) DFSM of HWUs and MLP; (C) DFSM of HWUs and CART; (D) DFSM of HWUs and BN; (E)
DFSM of CWUs and LR; (F) DFSM of CWUs and MLP; (G) DFSM of CWUs and CART and (H) DFSM of CWUs and BN.
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5.4 Eight DFSMs

In this paper, IBM SPSS software was chosen to build the debris
flow susceptibility predictive models. The model outputs are the

debris flow susceptibility indices of all watershed units in the study
area. Debris flow susceptibility indices are the probability of debris
flow occurrence which varies from 0 to 1 (Xiong et al., 2020). Based
on the ArcGIS software, the debris flow susceptibility indices were

FIGURE 9
The classification of DFSMs and debris flow density: (A) area ratio; (B) debris flows ratio; (C) debris flow density.
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converted into raster format to produce the debris flow susceptibility
map. Quantile classification was applied to divide the final maps into
five classes, namely, very low susceptibility (VL), low susceptibility
(L), moderate susceptibility (M), high susceptibility (H), and very
high susceptibility (VH). (Martha et al., 2013; Hussin et al., 2016;
Steger et al., 2017).

As shown in Figure 8, the susceptibility distributions of the eight
models have common characteristics. Very high and high
susceptibility areas are mainly distributed in the southeast,
moderate susceptibility areas are mainly distributed in the
middle, and very low and low susceptibility areas are mainly
distributed in northwestern of Yongji county, which is consistent
with previous research results (Qin et al., 2019). The landform in the
southeast of the study area is mainly middle mountains, and the land
use is mainly forest and farmland. The watershed units distributed in
the southeast have large relative height differences and slopes, which
leads to frequent debris flow disasters. The precipitation decreases
from southeast to northwest, which is consistent with the
susceptibility distribution. The lithology in southeastern Yongji
county is hard massive rock, mainly granite. Weathered granite is
a component of debris flows, which increases the density and
destructive power of debris flows (Figures 2B–E).

For the eight DFSMs, the area ratios of the five susceptibility
classes (very high, high, moderate, low, and very low) were
12.85–19.96, 13.82–21.51, 14.87–23.79, 17.70–28.33, and 16.56%–

36.70%, respectively (Figure 9A); The debris flow ratios of the five
susceptibility classes were 62.79–76.74, 12.40–24.81,
6.98–14.73,0.78%–3.10% and 0%–0.78%, respectively (Figure 9B).
As shown in Figure 9C, the debris flow density was calculated to
evaluate the performance of the DFSMs, that is, the ratio of debris
flow percentage to area percentage on each susceptible class (Pham
et al., 2016). The maximum values of the debris flow density of the

eight models appear in the very high susceptibility class, varying
from 3.15 to 5.61. The minimum values all appear in the very low
susceptibility class, varying from 0.00 to 0.04. The debris flow
density increases gradually from a very low class to a very high
class, which provides a good visualization of the spatial predictions
of debris flows (Pham et al., 2017; Asadi et al., 2022).

5.5 Validation and comparison of themodels

Model validation is a vital step in disaster susceptibility mapping
(Wang et al., 2022). By considering the three commonly used
performance metrics of ACC, AUC and Kappa, eight models
were verified. The AUC, ACC and Kappa coefficient values of
the eight models on the training and testing data are shown in
Figure 10.

In the training phase, when HWUs were used as the mapping
unit, the ACC stated that HWUs_CART model had the highest
value (0.990), followed by HWUs_MLP (0.932), HWUs_BN
(0.919) and HWUs_LR (0.881). It showed that the HWUs_
CART model can correctly classify the debris flow and non-
debris flow locations as debris flow and non-debris flow
situations respectively. The highest and lowest Kappa values
were 0.980 and 0.762, respectively for the HWUs_CART and
HWUs_LR. Meanwhile, HWUs_MLP (0.864) and HWUs_BN
(0.838) was ranked in other positions. In terms of AUC, results
indicated that the HWUs_CART model with a value of 0.991 had
higher performance than the HWUs_MLP (0.982), HWUs_BN
(0.970) and HWUs_LR (0.966). When CWUs was used as the
mapping unit, the ACC, Kappa and AUC values of the CWUs_
CART model were 0.980, 0.960 and 0.985, which showed that the
performance of the CWUs_CART model was the highest,

FIGURE 10
The AUC, ACC, and Kappa coefficient values of the eight models for the training and testing data.
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followed by the CWUs_MLP (0.893, 0.787, 0.967), CWUs_BN
(0.899, 0.778, and 0.946) and CWUs_LR (0.858, 0.716, and 0.946)
(Figure 10). Although the results showed the excellent
performance for all the four algorithms, the CART had the
highest ability in debris flow classification and susceptibility
mapping in the study area. In terms of watershed unit, ACC,
Kappa and AUC values decreased when HWUs was replaced by

CWUs, indicating that HWUs were more suitable for DFSM in the
study area than CWUs.

Right side of Figure 10 showed the prediction capabilities of the
eightmodels based on testing dataset. These results are very important
for evaluating the applicability and robustness of the models. When
HWUs were used as the mapping unit, the highest value of ACC was
0.834 for the HWUs_CARTmodel, next for the HWUs_MLP (0.826),
HWUs_BN (0.808) and HWUs_LR (0.802) models. The Kappa for
the HWUs_CART model was 0.668 as the highest value, whereas this
value was 0.652, 0.617, and 0.604 for HWUs_MLP, HWUs_BN, and
HWUs_LR, respectively. The highest and lowest AUC values were
0.942 and 0.882, respectively for the HWUs_CART and HWUs_LR.
Meanwhile, HWUs_MLP (0.902) and HWUs_BN (0.892) was ranked
in other positions. Correspondingly, ACC, Kappa and AUC from
CWUs were shown in Figure 9, which indicated a similar result with
HWUs. CART model resulted in the highest ACC, Kappa and AUC
values of 0.832, 0.663, and 0.909, whichmanifested it is the best model
for the study area. At the same time, the HWU-based models had
better performance than the CWU models for DFSM in the
study area.

FIGURE 11
Watershed unit classification results comparison: (A) The boundaries of HWUs are relatively consistent with reality in mountainous areas; (B) The
boundaries of CWUs do not match well with the actual situation in mountainous areas; (C) Small and narrow units in flat areas of HWUs; and (D) The
division of CWUs in flat areas is relatively satisfactory.

TABLE 5 AUC values of testing data in different studies.

Studies Method Mapping units AUC

This study LR HWUs 0.882

MLP HWUs 0.902

CART HWUs 0.942

BN HWUs 0.892

Qin et al. (2019) FR HWUs 0.879

Qiao et al. (2021) AHP HWUs 0.812
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5.6 One-way ANOVA test

The results of the models are tested by one-way ANOVA in
SPSS. For HWUs, there are significant differences between CART
and each of the three methods (LR, MLP, and BN). There are no
significant differences among LR, MLP, and BN. For CWUs, there
are no significant differences between MLP and each of the two
methods (LR and BN). There are significant differences between the
other methods.

6 Discussion

6.1 Watershed unit classification processes
and results comparison

As shown in Figure 3, the extraction processes of HWUs are
more complex than those of CWUs, because HWUs require six steps
while CWUs require five steps. Model builder in ArcGIS is a
workflow that connects a series of geoprocessing tools (Qin et al.,
2019). It takes the output of one tool as the input of the other tool.
Model builder can greatly reduce operation time and improve work
efficiency. We had built two workflows for the processes of
extracting HWUs and CWUs in the model builder. Experiments
on two types of watershed units showed that HWUs extraction
required 17 s, while CWUs extraction required only 3 s. In addition,
for the division of HWUs, the influence of DEM resolution and flow
threshold needs to be considered, while for CWUs, only DEM
resolution needs to be considered. In summary, it takes more
time and effort to extract HWUs than CWUs.

There are also significant differences between the two types of
watershed units in the classification results. As shown in Figure 4,
HWUs are mostly strip-shaped and widely different in size, while
CWUs are nearly square and relatively uniform in size. The
watershed unit boundaries extracted by the hydrological analysis
method in areas with obvious topographic changes are relatively
consistent with reality (Figure 11A). However, there are many small
and narrow units in flat areas, because there is no clear flow direction
in flat areas for hydrological analysis (Massimiliano et al., 2016)
(Figure 11C). For the curvature method, the division of watershed
units in flat areas is relatively satisfactory, and there is no parallel line
problem similar to the hydrological analysis method (Figure 11D).
However, in areas with obvious topographic changes, the boundaries
of watershed units do not match well with the actual situation
(Figure 11B).

6.2 Comparison of DFSMs based on different
evaluation models

Four models, LR, MLP, CART and BN, were used to complete
the DFSMs of Yongji county in this study. Figure 10 shows the
predictive ability of the eight models. When HWUs were used as
mapping units, CART had the highest evaluation criteria with AUC,
ACC and Kappa values of 0.991, 0.990, and 0.980 respectively,
followed by MLP (0.982, 0.932, 0.864), BN (0.970, 0.919, 0.838) and
LR (0.966, 0.881, 0.762) in the training stage. For the testing stage,
the CART had the highest prediction accuracy with AUC, ACC and

Kappa values of 0.942, 0.834 and 0.668 respectively, followed by
MLP (0.902, 0.826, 0.652), BN (0.892, 0.808, 0.617) and LR (0.882,
0.802, 0.604). When CWUs were used as mapping units, the
evaluation results showed the same trend as HWUs. The
comparisons of the four evaluation models show that the CART
had the best predictive ability over the other three models. The
current research was in agreement with previous research results.
Wang et al. (2015) analyzed landslide susceptibility based on five
mathematical models (artificial neural network, frequency ratio,
CART, LR and weights of evidence methods) and three sampling
strategies. They indicated the results obtained from CART show
steady prediction power with an AUC value larger than 0.7.
Felicísimo et al. (2012) indicated that the CART is one of the
most predictive models with the AUC value of 0.77. Using
random forest (RF), boosted regression tree (BRT), classification
and regression tree (CART), and general linear (GLM), Youssef et al.
(2015) found the success rate for CART was 0.816 and for the
prediction rate the CART was the highest with a value of 0.862.
CART represents information in an intuitive and easy visual way,
and is widely used in many fields (Bevilacqua et al., 2003;
Malinowska 2014; Kim et al., 2015; Youssef et al., 2015; Yang
et al., 2016).

Several studies have been conducted in similar areas. Selecting
the frequency ratio (FR) model as the statistical method, Qin et al.
(2019) explored the accuracy and practicability of HWUs and grid
cell units (GCUs) in evaluating debris flow susceptibility in Yongji
county. Qiao et al. (2021) built debris flow susceptibility models via
the analytical hierarchy process (AHP) method and generated maps
of Yongji county. The AUC values of the testing data in different
studies are shown in Table 5. When the HWUs were chosen as
mapping units, the AUC values of the DFSMs based on AHP, FR,
LR, BN, MLP and CART were 0.812, 0.879, 0.882, 0.892, 0.902, and
0.942 respectively. The main difference among these DFSMs is the
selection of different evaluation models, which indicates that
machine learning models can improve the prediction accuracy of
DFSMs. These results are consistent with previous studies,
indicating that machine learning models are more suitable for
DFSM than heuristic and general statistical models (Huang et al.,
2020; Sun et al., 2021).

6.3 Comparison of DFSMs based on different
watershed units

The selection of mapping units is one of the key issues for the
rationality and correctness of disaster susceptibility mapping (Van Den
Eeckhaut et al., 2009; Chen et al., 2019; Sun et al., 2020). The impact of
different mapping units on disaster susceptibility mapping is greater
than that of statistical methods (Zezere et al., 2017). Although many
studies have tried to compare different evaluation models for disaster
susceptibility mapping (Achour et al., 2018; Liang et al., 2020; Xiong
et al., 2020; Dash et al., 2022; Qiu et al., 2022), very few studies have
considered differentmapping units. Qin et al. (Qin et al., 2019) explored
the effect of grid cell unit and HWUs on the susceptibility mapping of
debris flow, they found HWUs can reflect the geological and
geomorphic environmental conditions of a debris flow accurately
and perfectly. Li et al. (Li et al., 2021) discussed the influence of
four different HWUs on debris flow susceptibility assessment results.
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The results show that the appropriate watershed division scheme can
obtain more reasonable results. In this study, HWUs and CWUs were
selected tomap debris flow susceptibility.When the CARTwas selected
as the machine learning model, the HWUs generated high AUC, ACC,
and Kappa for training data (0.991, 0.990 and 0.980) compared to the
CWUs (0.985, 0.980, and 0.960). For testing data, the AUC, ACC, and
Kappa of HWUs were 0.942, 0.834, and 0.668, respectively. The AUC,
ACC, and Kappa of CWUs were 0.909, 0.832, and 0.663, respectively.
The results suggest that the HWU model has a higher debris flow
prediction performance than the CWU model. The same trend can be
observed in the LR, MLP, and BN models. Therefore, the HWU-based
model is superior to the CWU-basedmodel in debris flow susceptibility
assessment due to higher training and testing accuracy.

As described in “6.1 Watershed unit classification processes and
results comparison,” compared with CWUs, HWUs agree well with
the actual watershed units in mountainous areas, but small and
narrow units appear in plain areas. Since the frequency of debris
flows in mountainous areas is much higher than that in plain areas,
the division of watershed units in mountainous areas is more
important than that in plain areas. Therefore, the HWU model is
more practical than the CWU model. CWUs can also represent the
distribution of watersheds and can be used as an alternative scheme.

Although this paper discussed the application of two types of
watershed units in DFSM and obtained positive results, there are
some limitations: 1) the number of debris flows is small, and 2) only
HWUs with a threshold of 1,000 and CWUs with a resolution of
300 are selected for comparison. In future research, we will
constantly update the debris flow database to improve the data
quality. Moreover, it is necessary to explore the similarities and
differences of multiscale watershed units in DFSM.

7 Conclusion

This paper mainly explored the influence of using different
watershed units (HWUs and CWUs) in debris flow susceptibility
assessment models. LR, MLP, CART, and BN were chosen as
evaluation models to avoid the model uncertainty caused by
different models. Yongji county, with 129 recorded debris flows
and 13 related influencing factors, was used as the study area and
eight DFSMs were produced.

The DFSM results showed that CART has the best predictive
ability over the other three models through the analysis of AUC,
ACC and Kappa. By using Model Builder in ArcGIS, 1,092 HWUs
and 1,211 CWUs were extracted. Compared with HWUs, the
extraction process of CWUs is simpler. For the results of
watershed unit division, HWUs have more advantages in areas
with undulating terrain, but they are not satisfactory in areas with
flat terrain. CWUs perform well in flat areas but do not match the
actual watershed boundaries in areas with undulating terrain.
Since debris flows mostly occur in mountainous areas, the DFSM
based on HWUs is more accurate and practical than that based on
CWUs. In addition, the AUC, ACC and Kappa showed that the
HWU-based model has remarkably higher debris flow prediction
performance than CWUs. This result means that the HWUs are
more effective in debris flow susceptibility assessment of the

study area. The CWU-based model can also reflect the spatial
distribution probability of debris flows in the study area overall
and can be used as an alternative model. Further studies should
propose a more appropriate watershed unit for DFSM.
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An integral assessment of
landslide dams generated by the
occurrence of rainfall-induced
landslide and debris flow hazard
chain
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Facultad de Ingeniería, Universidad de Medellín, Medellín, Colombia

Landslides caused by rainfall are one of the most frequent causes of disasters in
tropical countries and mountainous terrain and can block rivers generating
landslide dams. This paper presents a methodology for the estimation of the
obstruction of water streams generated by rainfall-induced shallow landslides.
The spatial distribution of the landslide hazardwas estimated in terms of the Factor
of Safety (FoS) values using the deterministic method with physical basis SLIDE
(Slope - Infiltration - Distributed Equilibrium). The rainfall regimes of the study area
were estimated bymeans of a simple scaling LogNormalModel. Subsequently, the
resulting areas with a high hazard level that could detach and reach the riverbed
were identified as sources for the simulation of the debris flow runout using the
Rapid Mass Movement Simulation model with its debris flow module, (i.e.,
RAMMS-DF), estimating zones of the riverbed that should be analyzed in detail.
Finally, the effects of river channel obstructions generated after debris flow
movement were analyzed by means of the Iber, a well-known, physically
based 2D hydraulic model and their possible changes on the river hydraulic. In
order to generate a workflow that allows the application of the SLIDE
methodology and the preparation of inputs for the subsequent processes of
debris flow propagation and hydraulic modeling of the river corridor of analysis, a
Python-based toolbox was created. Our results highlight the changes in the fluvial
dynamics in the corridor of the river of analysis after the landslide dams generated
by the occurrence of rainfall-induced landslide and debris flow hazard chain for
the different return periods. In all cases, the material deposited in the river channel
was sufficient to change the hydraulic regime of the river corridor, showing longer
delay times in the transit of the flow, in addition to the decrease in the specific flow.
This would imply a water shortage in the study basin of the hydroelectric project;
however, in the scope of this project it is not possible to really determine the real
effects that could be generated by this event.
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landslide dam, debris flow, hazard chain, rainfall-induced landslide, RAMMSmodel, SLIDE
model
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1 Introduction

Landslides triggered by rainfall are one of the most frequent
causes of disasters in tropical countries and mountainous terrains
(Cui and Guo, 2021; Aristizábal et al., 2022; Dhanai et al., 2022).
Climate change has led to an unprecedented increase in the
frequency and intensity of rainfall, and a greater number of
landslides are triggered by rainfall along hillsides. (Thomas et al.,
2023). According to the World Health Organization, between
1998 and 2017, landslides affected an estimated 4.8 million
people and caused more than 18,000 deaths worldwide (UNISDR
and CRED, 2017). Landslides can be classified into different types
based on the slope movement mechanism and rate, the material
involved, the mechanical behavior, or the movement stage (Hungr
et al., 2014). Debris flows are a landslide type (or a specific case),
composed of several materials including soil, rock, and water. It is an
extremely rapid flow-type landslide, which tends to travel long
distances from its source in a steep channel (Arghya et al., 2022;
Trujillo-Vela et al., 2022). Landslides and debris flows are frequent
hazards that seriously endanger lives and livelihoods, causing
fatalities, property damage and impacts on engineering projects.
They are a cause for concern worldwide (Gan and Zhang, 2019;
Baggio et al., 2021; Fustos-Toribio et al., 2021).

Rainfall-induced shallow landslide has the potential to evolve
into debris flows and thereby gather more channel sediments and
cause significant destruction along its path and in the downstream
areas (Thomas et al., 2023). Debris flows can block rivers and form
hazards, causing great losses, i.e., they correspond to a chain of
hazards caused by landslides and rainfall-triggered debris flows
(Chen et al., 2022). A chain of multiple hazards can be defined
as a series of hazards that occur in succession that are triggered by a
single hazard resulting in an amplification of damage in both time
and space relative to each of the constituent hazards if they
happened separately (Zhu et al., 2021; Guo J. et al., 2022). These
natural hazards are often caused by the diverse geographic and
physiographic features, triggered by both natural as well as
anthropogenic factors. Alike, blockage of a mainstream by
tributary debris flow events is a natural phenomenon of local
river evolution between the confluences of the streams (Vega and
Hidalgo, 2021).

The physically based method is a respectable approach for
susceptibility analysis of shallow landslides because is the most
physically (geotechnical) simple model, based on the limit
equilibrium theory, which is used to ascertain a given slope’s
safety factor, reproducing the physical processes governing
landslide occurrence (Chae et al., 2017; Armaș et al., 2021). Some
examples are The Transient Rainfall Infiltration and Grid-based
Regional Slope Stability (TRIGRS); Shallow Landslide Stability
Model (SHALSTAB); The Fast Shallow Landslide Assessment
Model (FSLAM); Probabilistic estimation of the threat due to
landslides and mass movements in hillsides (EPADYM) and the
model Slope Infiltration Distributed Equilibrium (SLIDE), among
others. These models evaluate the spatial distribution of the hazard
in terms of Factor of Safety (FoS) for rainfall-induced landslides
(Chikalamo, 2018), applying infinite slope models which make them
mostly applicable for the analysis of shallow landslides. The TRIGRS
model considers partially saturated conditions and transient flows
(Aristizábal et al., 2022; Rana and Babu, 2022); SHALSTAB model

assumes that local surface topography is the dominant control of
landslide occurrence, which makes it appealing for DEM-based
landslide analyses (Moreira Melo et al., 2021); FSLAM was
developed to calculate large areas (>100 km2) with a high-
resolution topography in a very short computational time
(Medina et al., 2021). This model includes two different sub-
models: the hydrological model, which calculated the rainfall
infiltration into the soil layer and the resulting position of the
water table, and the geotechnical model, which applies the widely
used infinite slope theory to calculate the slope stability (Guo Z.
et al., 2022; Hürlimann et al., 2022); EPADYM model calculates the
reliability index, failure probability and stability factor of a slope
under seismic and static conditions (Hidalgo and Vega, 2021). On
the other hand, SLIDES illustrates the dynamical relations between
FoS and accumulation of rainfall over time when the shallow surface
of soil reaches saturation and has enormous potential for rainstorm-
induced landslide evaluation (Chikalamo, 2018; Chen et al., 2019).

Debris flow runout may refer to the entire horizontal distance
(path) length measured on a map. Determining this distance of the
landslide-debris flow chain is one of the most important tasks during
the hazard assessment and zoning because of the complexity of the
phenomenon and the variability of controlling factors (Liu et al.,
2022). With the development of computation, numerical methods
have gradually become an efficient and powerful tool for simulating
landslide movement processes and understanding the complex
dynamic process (Zhang J. et al., 2022). Some examples of debris
flow propagation prediction models that have recently been widely
used in the literature are: The FLO 2Dmodel is a 2D finite difference
model that can simulate non-Newtonian floods and debris flows (Do
et al., 2020; Liu et al., 2022); the Flow path assessment of
gravitational hazards at a regional scale model (FLOW R) can
calculate the extent and paths of debris flows (Franco-Ramos
et al., 2020; Arghya et al., 2022); the Debris flow simulation 2D
model (DFS 2D) can be used to simulate the dynamics of debris
flows considering multiple rheologies (Abraham et al., 2022; Liu
et al., 2022). The Rapid Mass Movement Simulation model
(RAMMS) has a debris flow module to analyze the dynamic
process of geological disasters (Graf and McArdell, 2008;
Christen et al., 2010; Franco-Ramos et al., 2020; Mikoš and
Bezak, 2021; Zhang X. et al., 2022; Liu et al., 2022; Zhou et al.,
2022); RAMMS is one of the most used one’s landslide runout
methods allowing estimate flow velocity, deposition height,
accumulation distribution, flow velocity and debris flow
development propagation footprint of the debris flow materials
(Mikoš and Bezak, 2021; Zhang X. et al., 2022; WSL Institute for
Snow and Avalanche Research SLF, 2022).

Some authors have already made successful progress in
landslide-debris flow chain evaluations, as (an et al. (2021); Zhou
et al., 2022 and (Zhang Y. et al., 2022). However, most of them are
focused on the analysis of the chain up to debris flow runout
modeling. One of the current challenges is to improve the
predictability of such events reaching a river and generating
landslide dams, causing the loss of water supply in communities
and hydroelectric projects. River-blocking induced debris flows have
become common in numerous catchments of mountainous
topography with a strong hydroclimatic variability, in response to
climate and environmental changes (Qiang et al., 2020; Zhou et al.,
2022). The early identification of landslide dam disasters has
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received considerable attention in recent years. Extensive studies are
available nowadays (Kun-Ting et al., 2018; Li et al., 2020a; Hu et al.,
2020; Zhang Y. et al., 2022). These studies have focused mainly on
the blockage of the river, classifying it as a partial or total
obstruction, as well as the evaluation of the interaction of the
landslide dam material with the river flow.

Hydraulic modeling has been used to evaluate changes in flow
behavior (González-Cao et al., 2019). For hydraulic modeling, there
is extensive use of hydraulic simulations in the literature of the HEC
RAS 2D and Iber models. HEC RAS 2D is a model for unsteady flow
based on the Navier–Stokes (Roldán et al., 2022); Iber 2D is a free
model package for simulating unsteady free surface turbulent flow
and transport processes in shallow water flows based on 2D Saint-
Venant Equations (Bladé et al., 2014; Hafnaoui and Debabeche,
2021). Iber represents a better option for modeling rivers with more
irregular geometries, especially when there is a special interest in the
hydraulic behavior of the flow it has been successfully used in a wide
range of applications, including impacts of dam breakage (Hoyos
and Botero, 2019; Ruiz-Villanueva et al., 2020; Díaz-Salas et al.,
2021; Pérez-Montiel et al., 2022).

The early identification of landslide dam disasters has received
considerable attention in recent years, these studies have mostly
focused on dam failures and dam-breach floods (Nian et al., 2021;
Zeng et al., 2022). Nevertheless, little is known about water shortages
after a river blockage due rainfall-triggered landslides, nor about the
change in the flow regime after a landslide dam formation. This
leads to the need to evaluate the possible effects of these disaster
chains on water resources and adopt strategies to protect the water
streams of supply. It is fundamental to investigate and complement
those studies of disaster chains up to the evaluation of the generation
of the obstruction and its possible impacts. Uncontrolled transport
of debris flow can be a major problem in maintaining the proper
operation of hydroelectric facilities in the future (Walczak et al.,
2021). Enhanced resilience to future obstructions on the river
generated by debris flow landslide dam chain triggered by rain
will be essential for reliable electricity supply and ensuring greater
long-term opportunities (Chen et al., 2023).

In this paper, we propose an integral assessment of river channel
obstructions due to the occurrence of the chain of hazards produced
by rainfall-induced landslides and the subsequent occurrence of
debris flows in tropical mountainous regions. We estimated the
spatial distribution of shallow landslides hazard in terms of FoS
values by the physical-based model SLIDE. High hazard zones that
may detach and generate obstructions in a river channel were
identified. Debris flow propagation was carried out using the
RAMMS model. Then, an analysis of the consequences
considering the deposition height on the riverbed was conducted,
considering its influence on river hydraulics and potential water
supply affectation. Changes in the hydraulic variables of the river
flow after the debris flow movement and the generation of landslide
dams in the river channel were analyzed using the Iber model,
identifying their possible influence on the water shortage in the
intake structures of the hydroelectric project. The methodology was
applied in a sub-basin river for hydropower generation purposes. A
toolbox was created with the purpose of generating a workflow that
allows the application of the SLIDE methodology and the
preparation of inputs for the subsequent processes of debris flow
propagation simulation and hydraulic modeling of the fluvial

corridor of analysis. This toolbox it is fully integrated with one of
the most popular GIS environments, ArcGIS, developed by the
company Esri (Dysarz, 2018).

The proposed methodology can be a useful tool for specialists
interested in taking mitigation measures that contribute to the
reduction of economic losses, development of protocols in the
event of a disaster or choosing possible locations for the
construction of new infrastructures considering exclusion criteria,
as well as for its implementation in the updating and future land
planning for local authorities. The understanding of the complete
process of the hazard chain can be a key tool to reduce these natural
disasters.

2 Study area and data sources

The study area is located in the northwest of Colombia, northern
part of the Central Andes Mountain range, as shown in Figures 1A,
B, the water intake structure for the Small Hydropower Plant (SHP)
defines the subbasin of study in the Ovejas river. The subbasin area
of the Ovejas River is 77 km2 and it has an average flow of 3.2 m3/s,
and a complex topography formed by a mountainous relief with
altitude range is between 2,198 m.a.s.l. and 2,600 m.a.s.l.
Precipitation is mainly convective and orographic type with a
multiannual average precipitation of approximately 2,200 mm/
year. Its climate corresponds to a subtropical humid forest and
humid tropical hydrometeorological conditions (Aristizábal et al.,
2017). The rainfall in the study zone shows a bimodal distribution
peaking between April–May and October (García-Delgado et al.,
2021). The available meteorological stations represent the
pluviometric phenomena in the study area. This information was
acquired through the National Meteorological Service (IDEAM).

The study basin was traced at the water intake Structure for the
SHP (Figure 1C) based on an Advanced Land Observing Satellite
Digital Elevation Model (ALOS DEM) downloaded from the Alaska
Satellite Facility (ASF DAAC, 2015 and PALSAR_Radiometric_
Terrain_Corrected_high_res,), with a grid cell size of 12.5 m and
with this information the morphometric characteristics and
hydrologic parameters of the study basin were estimated.
(Figure 1C). Additionally, a river corridor of analysis of 40 m on
each side of the river and a longitudinal distance of 600 m upstream
from the water intake structure site is proposed to model the runout
of rainfall induced landslide debris flow hazard chain and hydraulic
processes in such a way that it would be possible to develop the
project study in feasible computational times (Figure 1D). For this
river corridor was used the detailed topographic information
provided by the SHP project owner. This topography
corresponds to a LiDAR survey (Light Detection and Ranging or
Laser Imaging Detection and Ranging), acquired in 2018, with a
pixel resolution of 0.5 m. This information was complemented with
information of the study area obtained from the River Basin
Regulation and Management Plans (AMVAÁrea Metropolitana
del Valle de Aburrá, 2015).

The basin is characterized as a topographically undulating area,
with steep slopes in some areas of the upper part of the river corridor
of analysis and in the immediate of the SHP water intake structure,
reaching up to 67% slope (Figure 2A). These topographical factors
condition climate and influence the spatial rainfall distribution and
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create favorable conditions for the formation of landslides and
debris flows.

The river corridor of analysis comprises three main geological
units: Antioquia batholith, Alluvial deposits and Colluvial deposits

(Integral, 2020). The riverbed of the Ovejas river is narrow and
contains alluvial deposits with a predominance of fine granulometry
and large blocks of fresh rock from lateral landslides in the valley
(Figure 2B) (Integral, 2020). The Antioquia batholith is the rock that

FIGURE 1
Locationmap. (A) Location of Colombia on a continent scale. (B) Location of Antioquia on a country scale (C) Location of the hydropower basin with
a digital elevation model. (D) River corridor of analysis.

FIGURE 2
(A) Slope map of river corridor of analysis. (B) Spatial distribution of the geological units. (C) Land coverage map.
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outcrops in the study area, is a massive intrusive body of
predominantly sandy silt granulometry (Marin et al., 2021).
There are several colluvial deposits on the left bank of the Ovejas
river, they are the result of current erosional processes. In general,
they show high humidity and reptation phenomena. The alluvial
deposits are poorly selected deposits with variable granulometry
from gravel to silt. The geological map and its information of soil
and lithology of the area of study were obtained from the detailed
prefeasibility studies provided by the SHP project owner (Integral,
2020). The land cover (Figure 2C) corresponds mostly to natural

forest, but there are also some areas of crops, bare soil, vegetation,
and infrastructure zones.

3 Materials and methods

3.1 Methodology

In this study, the methodology can be schematized into three
successive phases: The workflow is presented in Figure 3. The first

FIGURE 3
Workflow for the proposed methodology in this study.
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implemented process was the landslide hazard assessment using
SLIDE model. This method was developed by Liao et al. (2010) to
evaluate the spatial distribution of the hazard in terms of FoS for
rainfall-induced shallow landslides. As inputs, the model requires
IDF (intensity-duration-frequency) curves, soil thickness and soil
geomechanical parameters. The second process was the modeling of
debris flow propagation (runout) using the Rapid Mass Movement
Simulation model with its debris flow module (RAMMS- DF).
Inputs for RAMMS were the DEM and the release areas resulting
from the SLIDE hazard zoning methodology. The rainfall-runoff
processes were simulated by HEC-HMS, the Soil Conservation
Service-Curve number (SCS-CN), SCS Unit Hydrograph and
Muskingum methods were used for loss, transformation, and
routing calculations, respectively, obtaining the hydrographs for
different return periods (Tr). The last process was the simulation of
the effect of the river obstruction in the river corridor using the Iber
model, which requires as input the flow hydrographs for the return
periods analyzed and the heights of material deposition obtained
from the RAMMS simulation.

This methodology was developed from the semi-automation of
the analysis processes, through the generation of a toolbox for
ArcGis based on scripting language Python 2.7 based on the
ArcPy package with the purpose to generate a workflow that
allows the application of the SLIDE methodology and the
preparation of inputs for the subsequent processes of simulation
of debris flow propagation and hydraulic modeling of the river
corridor of analysis. This optimizes and complements the work and
decision making of the expert for the application of the methodology
from a set of procedures, tools and utilities specially designed to
process data under the environment of Geographic Information
Systems (GIS). For the use of the toolbox is necessary to have the GIS
raster cells of the digital elevation model, the geological and
geomorphological information of the study area, coverages, soil
parameters, rainfall distribution as a triggering factor, among other
input parameters of the different models. At forward subsections
these phases are explained in more detail.

3.2 Shallow landslide assessment using
SLIDE model

The spatial distribution of rainfall induced landslide hazard in
terms of FoS values was estimated by a deterministic model with
physical basis SLIDE, which integrates the infinite slope model with
a rainfall infiltration model. The analysis was focused on shallow
landslides to identify those areas susceptible according to the
intrinsic soil parameters and the morphometric configuration of
the terrain. Additionally, the model allows to simulate rainfall events
as a triggering factor and the response of soil to such events. The FoS
was obtained by the ratio of stabilizing forces to destabilizing forces.
Slopes are typically considered stable when FoS is ≥1; while a
landslide is predicted when FoS <1 (Liao et al., 2012). Thus, the
transition between stability and collapse can be seen mathematically
as a decrease in the FoS to values below unity (Montoya Botero,
2018; Tyagi et al., 2022). In this study, high hazard zones were
considered with a FoS ≤1.1, thus presenting a conservative scenario
(Vega and Hidalgo, 2016).

Given the complexity of shallow landslide studies, the following
simplifying assumptions are made in the SLIDE model: The slope is
considered infinite with low soil thickness, the failure is considered
flat and water downflow occurs, both parallel to the slope and the
evapotranspiration, underground seepage and surface flow are
avoided in the water balance. Therefore, the infiltration amount
approximately equals to the maximum of saturated hydraulic
conductivity (Li et al., 2020b). This model considers some
simplified hypotheses on the water down flow and defines a
direct correlation between the FoS of the slopes and the rainfall
depth (Montrasio et al., 2013). A relation between the rainfall
amount and the final expression of FoS has been set up and
translated into a simple mathematical formulation of model
SLIDE. Γ gamma is the variable that introduces in a compact
way, the variables that represent the soil properties: specific
gravity, porosity, degree of saturation, while Ω Omega involves
the geometric variables such as slope and soil thickness susceptible
to sliding. The FoS is calculated as follows (Liao et al., 2011):

FoS � cot β. tan ϕ. Γ +mt. nw − 1( )[ ] + C.Ω
Γ +m.nw

(1)
Γ � Gs. 1 − n( ) + n.Sr (2)
Ω � 2

sin 2β.H.γw
(3)

nw � n 1 − Sr( ) (4)
Where β is the slope angle [°], ϕ is the friction angle [°], C is the

soil cohesion [kpa], is a fractional parameter between 0 and 1 of soil
thickness by infiltration. Parameter m, which changes in time,
calculated by using Eq. 5. Gs is the specific gravity, n is the
porosity, Sr is the degree of saturation [%], H is the soil thickness
[m] and γw is the unit weight of the water [kN/m3] (Montrasio et al.,
2013; Zhang J. et al., 2022).

The saturated part of the soil layer that directly correlates
precipitation with FoS is expressed by the parameter mt, which is
a dimensionless thickness and during numerical simulation must be
calculated for each time step (Marin et al., 2021). The initial value of
m could be determined by an in-situ test of the water table or from
the assumption of this value according to the knowledge of the study
area. Ot represents the water outlet of a finite portion of a slope of
finite length and is calculated by Eq. 5. (Liao et al., 2010).

m1 � 0

Ot � K sin β . mt. H. cos β . Δt

Δmt � It − Ot( )
n . H. 1 − Sr( )

mt+1 � mt + Δmt

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

(5)

Where t is time [h], Δ t is time step m1, is initial value of m and
mt is calculated at each time-step. It is rainfall intensity [m/h] and K
is the hydraulic conductivity of saturated soil [m/h] (Liao et al.,
2010). m was supposed to be 0.3 in the river corridor of analysis.

The physical mechanism of movement corresponds to
superficial, translational landslides with rupture surfaces parallel
to the slope surface. This model makes large assumptions for the
estimation of the FoS hazard, so it was considered to resample the
digital elevation model of 0.5 m lidar resolution of the study area in
an elevation model with a spatial resolution of 10 m in the modeling
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of Landslide Hazard assessment in terms of FoS. The zoning was
performed for the entire study basin; however, to carry out the study
in computationally feasible terms, the analysis river corridor
(Figure 1D) was delimited for subsequent debris flow runout
processes and dynamic evaluations of the hydraulic behavior of
the river.

3.2.1 Rainfall intensity
The spatial distribution, duration, and intensity of rainfall play

an important role in triggering landslides (Liao et al., 2011). The
rainfall scenarios in the slope stability model SLIDE are represented
by the rainfall intensity values (Eq. 5 in Eq. 2). There were no
meteorological stations with available IDF curves in the study area,
so these curves had to be estimated using the simple scaling
methodology (Pulgarín and Poveda, 2008). The expression
corresponding to the simple scaling is shown in Eq. 6:

Id,q �
E Idref[ ]2��������
E Idref[ ]2

√ exp ϕq.

����������
ln
E Idref( )2

E Idref[ ]2

√√
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ d

dref
( )

θ

(6)

Where Id, q is the maximum intensity for a duration d for a non-
exceedance probability [m/h], Idrefmaximum intensity of a reference
duration [m/h] E[Idref] expected value [m/h], ϕq quantile for a non-
exceedance probability q from the standard Normal distribution [m/
h], θ the scaling exponent.

The reference duration was 24 h according to the information
available in IDEAM rainfall gauges. In the absence of an annual
series of maximum rainfall in 24 h for the study basin, the annual
series of maximum daily rainfall available were used, considering an
increase of 11% (Pulgarín Dávila, 2009). For the analysis river
corridor, hourly rainfall intensities were estimated up to the time
of concentration of the SHP basin for the analyzed return periods of
2.33, 5, 10, 10, 10, 25, 50, and 100 years.

3.2.2 Soil thickness
The depth of the potentially unstable soil is a critical parameter

that strongly influences the stability of slopes (Oliveira et al., 2017).
The evaluation of such thickness, susceptible to sliding or
detachment, is essential before the analysis of problems involving
hydrological processes developed on slopes, as well as slope stability
(Fernandes Azevedo et al., 2015). The estimation of soil thickness is
based on the behavior of the soil in relation to the slope of the
terrain; high slopes imply less soil accumulation. The model of the
soil susceptible to sliding is represented by the following equation
(Montoya Botero, 2018).

H � h max − h min( ) 1 − 1
tan θlim( ) tan θ[ ] tanh ax( )[ ]{ } + h min (7)

Where H Soil thickness [m]; hmax Maximum soil thickness [m];
hmin minimum soil thickness [m]; θ slope angle value [°]; θlim is the
slope angle value threshold for which higher values imply that the
thickness of soil susceptible to sliding is minimal/negligible or even
null [°]; a Dimensionless parameter that controls the estimating of
soil thickness depending on the curvature of the terrain; the values
were chosen according to predominant soil types of the geological
units in tropical zones. The curvature controls the zones of water
accumulation or spreading, which directly influences the degree of

soil moisture and/or saturation and, therefore, the generation of
debris flows (Náquira Bazán, 2009), and x represents the horizontal
distance from a cell to the nearest drainage network. The term
tanh(ax) corresponds to the calculation of the hyperbolic tangent of
ax, generating an interaction that acts in such a way that the greater
the horizontal distance from a given point to the nearest drainage,
the greater the growth tendency of the soil layer (Montoya Botero,
2018).

Slope steepness is one of the key factors in determining landslide
debris flow hazard chain. Most avalanches occur on slopes that have
an incline of 35°–45° (Calcaterra et al., 2022). The choice of the slope
limit in this study was made after analyzing the descriptive statistics
of the slope distribution in the analyzed river corridor (Figure 2).
The mean slope angle is 24°, while the standard deviation is 11°.
Thus, it was decided to consider a critical value (θlim) for the slope of
35°, slightly higher than the measure comprising the mean plus
standard deviation. The value of the variable a was set at 0.04
(Montrasio et al., 2013), while the maximum and minimum
predicted thicknesses were assigned for each geologic unit, for
the potential depth of rainfall-induced landslides (Integral, 2020).
By applying a map algebra through the ArcGis platform as a
Geographic Information System (GIS), the parameters involved
were integrated and the model of soil thickness susceptible to
landslide was spatialized.

3.2.3 Model parameters
For the application of the SLIDE model, the LiDAR topography

survey (0.5 m pixel resolution) was resampled to obtain a DEM with
a spatial resolution of 10 m, because the physical mechanism of
movement corresponds to shallow landslide with failure surface
parallel to the slope surface. For the geological characterization of
the study area, the available information from the Colombian
Geological Service was reviewed, such as topographic maps,
geological maps and aerial photographs. Additionally, the owner
of the SHP project carried out a soil exploration of the study site and
subsequent laboratory analysis to determine the lithological
characteristics, the thickness of the meteorization profiles, as well
as the morphometric and morphodynamic configuration of the
terrain. According to these exploration studies and the
correlations reported in the literature for the soils found in the
study area, the strength parameters and the geomechanical
properties of the soils were defined, as well as the adopted depth
values for the estimation of the soil thickness susceptible to
landslide. Figure 2B shows the spatial distribution of the
geological units of the study basin, and the soil properties
required for SLIDE model and values for soil thickness
estimation are summarized in Table 1.

3.3 Landslide propagation (runout) modeling
using RAMMS

Rapid Mass Movement Simulation (RAMMS) with the debris
flow module (called RAMMS: DEBRIS FLOW or RAMMS-DF) was
developed to simulate the runout of muddy and debris-laden flows
in complex terrain (Mikoš and Bezak, 2021) for practical and
research-oriented applications. The model used in RAMMS
employs the Voellmy–Salm fluid model, is based on a depth-
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averaged 2D solution to the implemented law of motion over 3D
topography. The core of the program is an efficient second-order
numerical solution of the depth-averaged equations of motion (the
shallow water equations) for granular flows (Liu et al., 2021). This
model can quickly simulate debris flows, and obtain motion
parameters including motion distance, velocity impact pressure,
and flow path, in three-dimensional terrain (Zhang X. et al., 2022).

Debris flow comprises three distinct zones: the source zone, the
transportation zone, and the deposition zone. The area from where
the debris flow initiates or the mobilization starts is the source zone
(Dash et al., 2023). The initial height is determined by the user when
defining the source area of the debris flow as a single or multiple
block-release (initiation) zones can easily be specified by polygons
by GIS-type drawing tools; alternatively, an input hydrograph can be
used to specify the discharge as a function of time (Zimmermann
et al., 2020).

The landslides footprint of the sliding mass emerging from was
estimated using RAMMS-DF. According to the available
information in the study basin the block release methodology
was chosen using a polygon layer of triggering zones. The release
areas were defined by polygons with shapefile containing the results
of the SLIDE methodology hazard zoning methodology with high
hazard zones. (Section 3.2). Source areas were considered as those
with FoS <1.1 (Hidalgo and Vega, 2021). The block release module
needs to use a release area with a given initial depth, which was set
with the soil thickness estimated previously (Section 3.2.2).
Additionally, for the launch of RAMMS module a DEM is
necessary, hence, the LiDAR data was used.

There are several equations that control the modeling of
RAMMS model, in addition to their corresponding input
parameters, highlighting some of them such as the flow height
(H), the gravity (g), slope angle (β), and the Voellmy friction
coefficients: dry Coulomb-type friction μ and turbulent viscous
friction ξ, among others (RAMMS, 2022). Friction coefficients μ

and ξ, which are constant given by user, determine the flow
properties of debris flow in RAMMS (Roldán et al., 2022). The
parameter ξ is dominant for debris flow in quick flowing state and μ
is dominant for debris flow in almost static state. These two
parameters are usually calibrated, although other parameters such
as stop parameter or simulation resolution also influence the
modelling results (Mikoš and Bezak, 2021; Calcaterra et al.,
2022). For more information about RAMMS model and
calibration parameters, (ramms.slf.ch/en/modules/debrisflow.html).

For the river corridor of analysis, different scenarios were
modeled by varying dry Coulomb friction coefficient μ and a
turbulent friction coefficient ξ (m/s2), to represent different
scenarios to obtain the maximum and minimum flow
propagation, observing how the magnitude of the debris flow
decreases and increases slightly as μ and ξ increase. Values of μ

typically range from 0.05 to 0.4 (dimensionless). Values of μ greater
than 0.4 rarely provide useful simulation results. ξ describes the
turbulent behavior of the flow. Small values of ξ are usually reported
for granular flows, while relatively large values of ξ are sometimes
associated with muddy flows. ξ is more delicate to calibrate and the
tool suggests values between 100 and 200 m/s2 (WSL Institute for
Snow and Avalanche Research SLF, 2022). Nevertheless, since there
are no records of historical events in the study area that provide
information that completely describes the rheological parameters of
the soil, the Voellmy friction parameters were estimated according
to the known characteristics of the soil mentioned in Section 3.2.3
and the suggestions of the RAMMS user’s manual, obtaining μ =
0.4 and ξ = 100 m/s2.

3.4 Hydrological and hydraulic modelling of
the main water stream

The HEC-HMS model was used to analyze the rainfall–runoff
processes of the SHP basin and to compute the hydraulic processes
in the river corridor of study the numerical model Iber was
implemented.

3.4.1 Hydrologic modeling using HEC-HMS
The Hydrologic Engineering Center and Hydrologic Modeling

System HEC-HMS (Feldman, 2000 and U.S. Army Corps of
Engineers, 2018), could be used for many hydrological
simulations (Hamdan et al., 2021)). HEC-HMS is an accessible
rainfall-runoff model, being one of the most widely used for
hydrological simulations and offers a wide range of methods and
modules to estimate runoff from rainfall, e.g., loss models,
transformation models, routing methods, among others (Sahu
et al., 2020; Reddy and Pramada, 2022). For more details about
this model and its different methods, please consult in US Army
Corps of Engineers Hydrologic Engineering Center (www.hec.usace.
army.mil/software/hec-hms/).

The hydrologic model HEC-HMS was employed to determine
the peak discharge for each return period for the study basin because
in the study area there are no discharge records series to perform a
frequency analysis and obtain the maximum discharge for the return
periods of the study. This approach employs a rainfall-runoff model.
The hypothesis that supports this methodology establishes that a
maximum rainfall estimated for a given return period produces a
maximum discharge for that same return period. Three main
processes were considered in the methodology developed in this
case of study:

• The Soil Conservation Service (SCS) Curve Number method
was used to compute the infiltration losses. This method

TABLE 1 Soil parameters for landslides assessment.

C’ (kPa) φ (°) Sr (%) K (m/s) h min (m) h max (m)

Antioquia batholith 12.0 30 38.49 1.60E-07 1.2 6

Alluvial deposits 9.5 30 41.65 5.00E-06 1.0 6

Colluvial deposits 5.0 21 52.07 5.00E-07 1.0 4
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implements the curve number methodology for incremental
losses since it was designed to calculate the infiltration during
periods of heavy rainfall (González-Cao et al., 2019). Based on
land cover and soil texture a CN of 81.5 was obtained, which
suggests that the general conditions of the territory tend to
favor runoff over infiltration. The input parameters were the
vegetation cover maps corresponding to antecedent moisture
condition II. The soils of the study watershed are part of
hydrological group C.

• The SCS UH (Unit Hydrograph) method was applied to
transform the excess rainfall into runoff, having as input
the maximum rainfall for each return period with rainfall
duration equal to the time of concentration of the study
watershed.

• The Muskingum routing method was used for flow routing of
the channel reaches because it provides a good approach in
basins with similar slopes (González-Cao et al., 2019; Hamdan
et al., 2021).

3.4.2 Hydraulic modeling using iber
Iber is a free software that implements a family of

bidimensional hydraulic mathematical models for the
simulation of free surface flows in rivers and estuaries (Bladé
et al., 2014; Pérez-Montiel et al., 2022). The equations are solved
by the finite volume method on the grid nodes. The numerical
schemes used in Iber are robust and stable in any situation,
suitable for discontinuous flows, specifically for torrential
channels and irregular regimes. The finite volume numerical
methodology solves Shallow Water Equations in two
dimensions (García-Alén et al., 2022). Modeling in Iber model
requires a three-dimensional terrain model or mesh as starting
data and the incorporation of the boundary conditions, the initial
conditions, as well as the assignment of the terrain roughness

coefficients (García et al., 2022). More information about this
model can be found at (www.iberaula.es).

To construct the geometry of the meshes for each scenario,
the information from the Lidar survey of the study area
processed in ASCII format was used, in addition to the new
DEMS modified with the heights of the landslide dams obtained
with the RAMMS model in Section 3.3, building models with a
maximum size of 1 m, minimum size of 0.5 m and tolerance of
0.1. Studies on the influence of mesh size in hydraulic modeling
in flood plains with elements from 6 to 24 cm have given
satisfactory results in flood levels (Bomers, 2020).The mesh
size used for Iber is smaller for a better detail of the results but at
the same time considering a feasible computation time, so it was
considered adequate.

Roughness coefficients expressed by Manning’s n values were
assigned from the land cover map (Figure 2C). Two types of inflow
boundary conditions were established: the estimated hydrographs
for each return period and the average flow of the stream. For the
outflow conditions, given that there is no information associated
with flood events such as depths at the end of the analysis section, a
supercritical/critical regime was assumed for each scenario (Bladé
et al., 2014). Once the simulation was completed, the results were
exported to raster for better handling of the information in ArcGIS
(www.esri.com).

4 Results

4.1 Shallow landslide assessment

The rainfall intensity for each return period was estimated with
the generated IDF curves. Figure 4 shows the rainfall intensity maps
with a duration equal to the estimated basin time of concentration of

FIGURE 4
Rainfall intensities for the basin concentration time.
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3 h. The highest intensities were found towards the south and
southeast of the river corridor of analysis.

From the rainfall intensities for each return period, SLIDE
model estimated the landslide hazard according to the FoS
values. Four categories based on FoS values were used. Lowers
values indicates higher potential for landslides occurrence.
(Figure 5).

Based on Figure 5, it is observed that moderate and high hazard
zones were distributed mainly in soils susceptible to landslides of
greater soil thickness, where higher rainfall events progressively
affect soil saturation and its possible failure, highlighting the
influence of topographic features on the stability of the terrain. It
is important to highlight that although slopes are a factor that have a
high degree of influence, they do not control the landslide hazard
zoning and it is affected by soil parameters, including the soil
thickness susceptible to sliding. Since the model follows a
correlation between FoS and rainfall, the high and medium
hazard zones determined by soil thicknesses with very low FoS
(H < 1.6 m), increase simultaneously with the return period
analyzed for each scenario (with respect to the very low hazard
zones). However, it should be noted that for the return periods of
2.33 and 5 years, the safety factor had the same spatial distribution.
The same consideration is true for the 25 and 50 years return
periods.

The results of the landslide hazard assessment in terms of FoS
and landslide propagation were compared with the historical
landslide inventory published in the Information System of Mass
Movements (SIMMA) by the Colombian Geological Service;
DesInventar disaster database (http://www.desinventar.org) and
the international disasters database EM-DAT. The results found
were isolated cases in the basin that are scarcely documented and
correspond to the year 2011; however, no events were reported in the
river corridor under analysis. For this reason, no parameter
calibration was performed, and the parameters recommended by
the literature for the type of soil in the study area were considered.

Landslide susceptibility and hazard studies are essential for updating
land use plans in the municipalities of the Colombian territory
(Aristizábal et al., 2022).

4.2 Landslide propagation (runout)modeling

For landslide propagation assessment, source areas were considered
as those areas with FoS <1.1. All the identified high hazard areas are in
recent colluvial deposits. It is evident in Figure 5 that as the return
period increases, the hazard areas increase; however, for return periods
2.33 and 5 years, the areas of hazards susceptible to landslide with
FoS <1.1 are the same; this situation is also present for return periods
25 and 50 years, thus having the same spatial distribution of hazard in
term of FoS for the river corridor of analysis, likewise it will have the
same propagation footprint in the simulations to determine the runout.
These cells were intersected with the soil thickness result to obtain the
initial thickness of soil susceptible to landslide as input for the debris
flow runout simulations using the RAMMS model.

Figure 6 shows the estimated propagation footprint of the
sliding mass emerging from the release sources identified and the
maximum deposition heights of the material for the different
rainfall scenarios.

The results obtainedwere conditioned by the spatial resolution of the
terrain elevation model. In all scenarios analyzed, the material removed
from the release areas reached theOvejas riverbed. Increases in the extent
and heights of material deposition were evident in the river corridor,
reaching in all rainfall scenarios a propagation in the riverbed and even
in the area where the water intake structure is located. Therefore, it
would be convenient to analyze alternatives for mitigating the identified
hazards in the design of the project’s water intake structures; however,
the risk issue is not within the scope of this study.

Once the results of the runout of the debris flow were obtained,
the river corridor was evaluated longitudinally to identify those areas
of the river channel that should be studied with greater attention and

FIGURE 5
Landslide Hazard assessment in terms of FoS.
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should require a potential intervention for the protection of the
riverbed. The initial point of analysis was defined at the northern
end of the project, upstream of the water intake structure for SHP.
Figure 7 shows the longitudinal axis of the river in the analysis
corridor with the heights of deposition. The color scale corresponds
to each return period.

For nearest areas of the sources of material detachment
(distances of 100,300,500, and 700 m), there is a high probability
that the material will reach the riverbed of the Ovejas River in the
return periods analyzed. The section of the river between 500 and
700 m is the most likely to be affected because it is the area with the

highest number of sources with FoS <1.1. These critical areas must
be managed to mitigate the vulnerability of the intake engineering
works in the channel.

To evaluate these results obtained from the modeling of debris
flow propagation footprint, the cross section at 600 m in
longitudinal profile in the river corridor (just upstream of the
SHP project water intake structure) was analyzed to observe the
deposition heights that could generate an obstruction of the stream.
The results are shown in Figure 8.

Figure 8 shows the heights of material deposition increased
simultaneously with the return period analyzed for each scenario

FIGURE 6
Landslide propagation footprint in Ovejas river for each return period.

FIGURE 7
Longitudinal profile of deposition height for each return period.
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and the corresponding number of release sources identified for
these. These sources were identified as having a high hazard
using the SLIDE model. It should be noted that precipitation as a
triggering factor is higher as the return period increases but has a
lower probability of recurrence.

4.3 Analysis of river flow behavior with
landslide dams

This section will show the results of the changes in the
specific flow and in the delay times for average flow, being the

FIGURE 8
Landslide propagation profile in the cross section upstream of the SHP project for each return period.

FIGURE 9
Changes in specific discharge for different return period meshes with the transit of average flow.

TABLE 2 Delay time for average flow.

Time. Mesh with
obstructions (sec)

Additional
Time (sec)

Additional
Time %

Tr 2.33 and
5 years

780 200 34%

Tr 10 years 810 230 40%

Tr 25 and
50 years

850 270 47%

Tr
100 years

860 280 48%
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same flow and different meshes, as well as for each hydrograph,
being different hydrographs and different meshes. Delay times
refer to the time in which the flow decreases or falls below the
average flow or design flow, due to the obstruction of the
channel. In a SHP this time may represent an important
interval during which the flow for generation falls below the
minimum allowed, or in the case of an intake for water supply,
this time may imply an interval in which there is a lack of
supply.

The first step in the modeling was to obtain the characteristics of
the basin and the generation of analysis sub-basins and their
drainage network from the GIS module of HEC-HMS, as well as
some hydrological parameters. In the meteorological model of HEC-
HMS, we applied the hietograms of each of the sub-basins estimated
for each return period.

The hydraulic modeling was carried out for different flow and
meshes scenarios for the return periods of 2.33, 5, 10, 10, 25, 50,
and 100 years, to show the changes in flow height, flow rate and
delay time that the flow suffers with the obstruction or landslide
dams modeled in RAMMS. The delay time and the decrease in
flow are variables that define the hazard due to water shortage in
hydroelectric generation.

4.3.1 Stream behavior with channel obstructions
for average flow

To identify the delay that can be generated after the
obstructions in the channel, the transit of the average flow
through the river corridor was modeled with the topography
without obstruction (original mesh) and with the topography
incorporating the landslide dams generated by the propagation of
the debris flow for the different return periods. The specific
discharge in [m2/s] in the grid cell indicates the flow per unit
length passing through the cross section of the river. Values of the
specific flow indicate a concentration of flow due to the
narrowing of the section because of the obstruction. The
Changes in specific discharge for different meshes of return
period with average flow are shown in Figure 9.

The time delay and the decrease in flow are variables that
define the hazard due to water shortage in hydroelectric
generation or community supply. The transit time of the
average flow in the river corridor was 580 s for the original
mesh. Table 2 shows the time of transit for each return period
and the additional time required to transit the average flow with
respect to the original mesh.

The modeling results shows that the obstructions generated by
the chain of landslides and debris flow modified the hydraulic
conditions of the river, influencing the flow transit time in the
river corridor. On the other hand, the specific discharge was
analyzed between the different scenarios in a section upstream of
the water intake structure of the project.

For all return periods analyzed there was a decrease in specific
flow, with lower values as the return period increased, reaching
reductions of more than 50% of the specific flow. This could result in
a shortage of water supply, meaning that the project may not be able
to generate energy at a given moment due to the absence of the
specific flow at the water intake structure site or may leave a
community without water supply.

4.3.2 Stream behavior with channel obstructions
for hydrographs of different return periods

The channel blockage was caused by a chain of debris flows
from rainfall-induced landslides, itself with an associated
return period. Under the assumption that the response of the
basin will have the same return period, the behavior of the
stream in each of the meshes and their corresponding
hydrographs according to return the period was modeled.
The results are presented in Figures 10–15. Each figure
contains in the lower right corner the comparative specific
flow rates for each simulation in the upstream section of the
intake structure of the project.

The results show that the transit time of the hydrographs in the
analyzed river corridor increased for the meshes with landslide
dams, its increased time was similar in all return periods, this time
increase is equivalent to 11%.The results also showed a decrease in

FIGURE 10
Specific discharge for original mesh and for Tr 2.33 years.
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FIGURE 12
Specific discharge for original mesh and for Tr flow of 10 years.

FIGURE 13
Specific discharge for original mesh and for Tr flow of 25 years.

FIGURE 11
Specific discharge for original mesh and for Tr flow of 5 years.
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the specific flow in all the scenarios analyzed due to the landslide
dams in the river channel, representing up to a 20% decrease in the
specific flow.

5 Discussion

The shallow landslides assessment was based on an infinite slope
stability model, in which the failure surface is assumed to be flat, in
which the uncertainty of the geomechanical parameters of the soil
was not considered. The applied methodology is able to simulate
rainfall-induced landslides, but it remains difficult to predict the
exact time when the slope is prone to instability. In addition, rainfall
data can influence the model simulation, especially at the time when
landslides occur.

The reliability of the propagation results depends on the
determination and calibration of debris flow model parameters
that more closely represent the ground conditions and flow
characteristics of the material, this process can be performed
using two approaches: In the first approach, soil parameters can
be obtained from laboratory tests of data collected in the field and
are appropriately used and processed for early warning
calibration. However, field observations of debris flow
behavior and rheology are difficult and still scarce and
laboratory experiments are difficult to translate to field
situations (Von Boetticher et al., 2017). In the second
approach, a retrospective analysis of well-documented past
debris flow events is carried out, in which the source zone and
propagation zone of the mass movement can be clearly identified
to obtain the flow intensity parameters in which calibrated values

FIGURE 14
Specific discharge for original mesh and for Tr flow of 50 years.

FIGURE 15
Specific discharge for original mesh and for Tr flow of 100 years.
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of the input parameters can be used to predict the parameters of
the potential debris flow in the future, however, in the study area
there are no historical records that allow carrying out this
analysis, leaving an open path for future research in cases
where there are no precedent events for the calibration of the
models. The challenge in the application of dynamic models is the
estimation or calibration of key model parameters.

The delay or detention times of the river flow upstream of the
catchment and the temporary variation of the flow downstream
of the obstruction can be critical for the hydroelectric generation
of a project, as well as for the supply of a population downstream
of the obstruction. This would imply a shortage in the water
catchment, which could be reflected in the reduction of energy
generation by the hydroelectric plants or the shortage of the
aqueduct of a community, which is recommended for further
study. As well as the study of possible obstructions that could
obstruct and collapse the catchment. This is an issue that should
be addressed more rigorously in the future, in the scope of this
study it is not possible determine the real impact that this event
could have on the generation of energy or the supply of
communities.

The evaluation of landslide mitigation measures is very
complex and must consider more aspects. In this article, we
do not intend to make an exhaustive review of the landslide dam
that may be generated. To offer a deeper discussion, we only
focus on the chain as such that can be triggered and its possible
effects, especially to the water supply shortage of the SHP under
study or in other possible small hydroelectric powers and
communal aqueducts, which are the main users of rural basis
in this type of mountainous areas, which can be a good attempt
to encourage the scientific communities as potential future
research step.

6 Conclusion

In this work, a comprehensive assessment of landslide dam by
the occurrence of rainfall induced landslide debris flow hazard chain
using deterministic method was presented. SLIDE model was
implemented for develop a stability analysis in terms of FoS
through multiple rainfall return periods, identifying high hazard
zones that may detach sliding material and generate obstructions in
the river channel. Medium and high hazards were observed in the
areas of geological units of recent colluvial deposits that are
coincident with high slopes. Hazard increases as the return
period increases. It is important to note that although slopes are
a factor that probably have a high degree of influence, they do not
control the hazard zoning and are affected by soil parameters,
including the thickness susceptible to landslide. The lower FoS
values are mainly distributed towards areas with thicker
landslide-susceptible soils, where more intense precipitation
events progressively affect soil saturation and possible collapse,
which is consistent with the model and its intention to simulate
natural events. For all the scenarios analyzed, there is a
predominance of low to exceptionally low hazard levels in the
Antioquia Batholith.

RAMMS-DF was used to simulate debris flow. The sources
identified as high hazard zones propagated the material until it
reached the riverbed, generating partial obstructions in the analysis
section located near the water intake structure for the Small
Hydropower Plant. However, in not one of the scenarios
analyzed was there a total obstruction of the river cross section
according to the morphology of the channel and the heights
deposited on the riverbed.

The hazard of obstruction of water sources due to the occurrence
of landslides dams was evaluated in terms of the retention of the
flow. It was found that when evaluating the hydraulic behavior of the
river channel against landslide dams generated by the occurrence of
rainfall-induced landslide and debris flow hazard chain for the
different return periods, the obstructions were sufficient to
change the hydraulic regime of the study river corridor showing
longer delay times in the flow transit, in addition to the decrease in
the specific flow. For average flow conditions with obstructions in
the riverbed, the specific flow rate showed reductions of more than
50%. For hydrographs of different return periods, the results show a
decrease in specific flow in all scenarios analyzed, up to 20%.
Additionally, for these hydrographs, the results show that the
transit time increased by up to 11%.

These results have potential application in the management of
slope disaster prevention and the assessment of the hazard chain of
rainfall-induced shallow landslides and the consequent generation
of debris flows. (Han et al., 2021).
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Seismic liquefaction has been reported in sandy soils as well as gravelly soils.
Despite sandy soils, a comprehensive case history record is still lacking for
developing empirical, semi-empirical, and soft computing models to predict
this phenomenon in gravelly soils. This work compiles documentation from
234 case histories of gravelly soil liquefaction from across the world to
generate a database, which will then be used to develop seismic gravelly soil
liquefaction potential models. The performance measures, namely, accuracy,
precision, recall, F-score, and area under the receiver operating characteristic
curve, were used to evaluate the training and testing tree-based models’
performance and highlight the capability of the logistic model tree over
reduced error pruning tree, random tree and random forest models. The
findings of this research can provide theoretical support for researchers in
selecting appropriate tree-based models and improving the predictive
performance of seismic gravelly soil liquefaction potential.

KEYWORDS

gravelly soil, liquefaction, reduced error pruning tree, random forest, dynamic
penetration test, logistic model tree, random tree

1 Introduction

Liquefaction occurs when a saturated soil loses its strength due to a rise in pore water
pressure caused by dynamic loads. It is a condition in which earthquake shaking or other
rapid loading weakens the stiffness and strength of a soil. When soil liquefies, it loses its
strength and the ability of a soil deposit to sustain the structure above it. This phenomenon
causes destructions to environment, structures and human life. Geotechnical engineers must
examine soil liquefaction characteristics as part of their profession, in the design stage of civil
engineering project (Ghani et al., 2021). Most prior studies concentrated on developing
liquefaction evaluation models for sandy or silty soils while ignoring the potential of
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liquefaction in gravelly soils. Because gravelly soils are very
permeable and contain big particles, extra pore water pressure
cannot build up quickly during earthquake loading. Many studies
of historical liquefaction-induced risks, however, have revealed that
loose to medium density gravelly soil can also liquefy after major
earthquakes (Youd et al., 1985; Yegian et al., 1994; Sirovich, 1996;
Hatanaka et al., 1997; Lin et al., 2004; Cao et al., 2011).

Recent research on the mechanism and behavior of gravelly soil
liquefaction has revealed that the triggering conditions for gravelly soil
liquefaction differ from those for sandy or silty soil (Wang and Wang,
2017; Chen et al., 2018; Hu, 2021a). For example, a review of the
majority of the soil profile reveals a thick non-liquefiable sandy gravel
layer with high penetration resistance (potentially indicating a dense soil
deposit) that may have acted as a less-permeable capping layer,
contributing to the development of high excess pore water pressures
leading to liquefaction while also preventing sand ejecta from reaching
the ground surface and liquefaction manifestation to be observed.
Because of these differences, gravel soil liquefies differently than
sandy or silty soil. Researchers and engineers are attempting to
assess the liquefaction potential in this type of soil owing to the
widespread occurrence of seismic gravelly soil liquefaction during
major earthquakes around the world. However, there is a scarcity of
case histories of gravelly soil liquefaction created to develop capable
models (Yegian et al., 1994; Hatanaka et al., 1997).

Andrus and Stokoe (2000) proposed the first simplified approach
based on Vs and cyclic resistance ratio (CRR) to evaluate the
liquefaction of gravelly soils with fines content of less than 5% using
36 shear wave velocity test (Vs) data from the 1906 San Francisco
earthquake, 1983 Borah Peak earthquake, 1989 LomaPrieta earthquake,
1993 Hokkaido-nansei earthquake, and 1995 Hyogo-ken Nanbu
earthquake. Later, the simplified technique was adjusted to account
for the influence of void ratio andGC on the liquefaction of gravelly soil
(Chang, 2016). Following the enhancement of the data by the dynamic
penetration test (DPT) and shear wave velocity test in the
2008 Wenchuan earthquake, an increasing number of models, such
as the fundamental procedures (Cao and Yuan, 2010; Yuan and Cao,
2011), logistic regression (LR)models (Cao et al., 2011; Cao et al., 2013),
and artificial neural network (ANN) models (Kang et al., 2014) were
developed. However, the historical DPT data utilized to develop these
approaches and models came from a single earthquake (the
2008 Wenchuan earthquake), therefore the models’ generalization
abilities need to be tested further using additional historical data.
Despite their reliable and accurate results, most algorithms are
difficult to apply in reality due to their extensive training and
modeling procedures, as well as their “black box” aspects. Decision
tree algorithms have been successfully applied to numerous
geotechnical problems, such as pillar stability (Ahmad et al., 2021)
and soil liquefaction potential (Ahmad et al., 2019a). When using tree
algorithms to evaluate seismic gravelly soil liquefaction potential,
outputs should be discrete values such as “yes” or “liquefied”, “no”
or “non-liquefied.”

Artificial intelligence (AI) techniques have been widely used to solve
real-world problems in the last 10 years, particularly in civil engineering.
AI techniques have been successfully applied to awide range of real-world
scenarios, paving theway for a number of promising opportunities in civil
engineering and other fields such as environmental (Froemelt et al.,
2018), geotechnical and geological (Momeni et al., 2014; Armaghani et al.,
2017; Mikaeil et al., 2018a; Mikaeil et al., 2018b; Ahmad et al., 2019a;

Ahmad et al., 2019b; Dormishi et al., 2019; Ahmad et al., 2020a; Ahmad
et al., 2020b; Ahmad et al., 2020c; Ahmad et al., 2020d; Noori et al., 2020;
Ahmad et al., 2021; Ahmad et al., 2022; Amjad et al., 2022; Xie et al., 2022;
Yan et al., 2022), and other sciences (Hajihassani et al., 2014; Guido et al.,
2020; Morosini et al., 2021; Asteris et al., 2022) including seismic gravelly
soil liquefaction potential evaluation (Kang et al., 2014). These studies
introduced new ideas and methods for assessing the seismic liquefaction
potential of gravelly soils. This field, however, is still being researched. The
main purpose of this research is to develop new decision tree models for
predicting seismic gravelly soil liquefaction potential. The decision tree
algorithms have the advantage of dealing with the classification problem,
making it a rational choice in classification and decision-making. The
main applications of the decision tree algorithms—C4.5, random tree
(RT), and logistic model tree (LMT)—have mostly been used in
geotechnical engineering to predict pillar stability, slope stability, and
liquefaction susceptibility (Ahmad et al., 2019a; Ahmad et al., 2021; Li
et al., 2022), but critical review of existing literature suggests that despite
the successful implementation of LMT, RT, reduced error pruning tree
(REPT), and random forest (RF) in various domains, their
implementation to predict seismic gravelly soil liquefaction potential is
scarcely explored. Furthermore, one of the main significance of the
developed decision treemodels is that in thesemodels, there is no need to
add functional parameters (such as cyclic stress ratio in the LR model
proposed by Cao et al. (2013) values affecting parameters; all parameters
can be put into the model as they are, without any normalization or
calibration.

2 Sample library and correlation
analysis

The existing soil liquefaction case histories data are collected as
supportive data for the establishment of prediction models. In this
study, the dynamic penetration test (DPT) data of gravelly soil
liquefaction to 234 from 17 historical earthquakes were ascertained
from Hu (2021a). Most of these cases have been reviewed, screened,
and corrected to result in robust database and recently referred by
Hu (2021a). The seismic gravelly soil liquefaction case history data is
shown in Table 1 (the complete database is available in
Supplementary Appendix Table SA1), where X1 indicates
moment magnitude (Mw), X2 indicates the epicentral distance
(R), X3 indicates the bracketed duration (t), X4 indicates the
peak ground acceleration (PGA), X5 indicates gravel content
(GC), X6 indicates fines content (FC), X7 indicates average
particle size (D50), X8 indicates overburden stress-corrected
dynamic penetration test blow count (N′120), X9 indicates vertical
effective overburden stress (σ′v), X10 indicates depth to the water
table (Dw), X11 indicates thickness of the impreable capping layer
(Hn), and X12 indicates thickness of the unsaturated zone between
groundwater table and capping layer (Dn). These tweleve parameters
have been widely accepted, among the researchers such as (Yuan and
Cao, 2011; Hu, 2021b) as their values are relatively easy to be
obtained and suitable set to evaluate seismic gravelly soil
liquefaction potential. The summary of descriptive statistics of
the input paramaters (i.e., Mw, R, t, PGA, GC, FC, D50, N′120, σ′v,
Dw,Hn, andDn) are given in Table 2. The mean or mode imputation
method is a simple and widely used method for replacing missing
values (Batista and Monard, 2003). This approach is used in this

Frontiers in Earth Science frontiersin.org02

Ahmad et al. 10.3389/feart.2023.1105610

144145

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1105610


study. For each of these parameters in the considered database, the
minimum (Min) and maximum (Max) limits, standard deviation (SD),
kurtosis, and skewness values have been tabulated. A lower SD number
indicates that the results are mainly close to the mean (PGA, Mw, Dn,
Hn, Dw, FC, and N’120), while a larger SD suggests a greater spread out
(R, σ’v, t, GC, and D50) (Edjabou et al., 2017). Skewness (value might be
positive, zero, negative, or undefined) assists in evaluating the extent of
asymmetry of the probability distribution in the case of a real-valued

arbitrary parameter from the perspective of its average value (Sharma
andOjha, 2020). Furthermore, kurtosis is typically between −10 (heavy-
tailed) and +10 (light-tailed), which aids in determining the form of a
probability distribution, as explained by Brown andGreene (Brown and
Greene, 2006). The kurtosis values forMw and t are negative and range
between −0.3 and −0.1 (follow mesokurtic distribution), whereas the
rest are positive values (follow leptokurtic distribution) (Benson, 1993;
Lee and Ahn, 2019).

TABLE 1 Seismic gravelly soil liquefaction history data.

S. No. X1 X2 (km) X3 (s) X4 X5 (%) X6 (%) X7 (mm) X8 X9 (kPa) X10 (m) X11 (m) X12 (m) Liquefied?

1 7.9 96.30 40 0.21 9 9 0.5 16.01 32 1.5 1.5 0 Yes

2 7.9 94.00 40 0.24 5 53 6.15 10.79 49 0.8 0.8 0 Yes

3 7.9 95.00 40 0.24 4.9 50 5.9 20.91 46 1 1.1 0 Yes

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

232 7.9 99.00 40 0.18 4.9 54.9 7.57 14.84 63 2 0.6 1.4 No

233 7.9 129.60 110 0.2 4.9 30 1.7 16.61 100 4.1 3.5 0.6 No

234 7.9 84.42 105 0.43 4.9 90 71.2 18.21 99 4 4 0 No

TABLE 2 Descriptive statistics of each parameter.

Parameter X1 X2 (km) X3 (s) X4 X5 (%) X6 (%) X7 (mm) X8 X9 (kPa) X10 (m) X11 (m) X12 (m)

Max 9.2 456.38 150 0.84 45.3 90 71.2 62.12 276.8 11.7 10.65 7

Min 6.4 9.2 3.5 0.074 0 0.4 0.15 2.36 11.8 0 0 0

Mean 7.7 89.84 48.06 0.353 8.082 45.7 8.647 14.98 80.9 2.564 2.261 0.873

SD 0.713 110.372 37.136 0.156 6.130 18.397 11.191 8.862 50.778 2.026 1.483 1.217

Kurtosis −0.334 3.677 −0.193 0.240 6.734 0.146 13.944 4.370 1.807 3.238 5.700 8.896

Skewness 0.529 2.144 0.866 0.597 2.046 −0.257 3.357 1.702 1.374 1.682 1.489 2.739

TABLE 3 Correlation coefficients between various parameters.

Parameter X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12

X1 1

X2 0.7186 1

X3 0.5599 0.3112 1

X4 −0.3044 −0.3412 −0.0137 1

X5 −0.1271 −0.1056 −0.1635 0.2267 1

X6 −0.1485 −0.2132 0.0287 −0.0408 −0.2901 1

X7 −0.0069 −0.1112 0.1591 −0.1057 −0.2208 0.7574 1

X8 0.0396 −0.0636 0.2041 −0.0631 −0.1679 0.1899 0.2619 1

X9 0.3639 0.4205 0.1964 0.0136 0.2910 −0.1501 −0.1220 −0.0683 1

X10 0.1565 0.2438 0.2219 0.1352 0.1863 −0.0161 0.0005 −0.0667 0.6871 1

X11 0.2049 0.2391 0.1566 −0.0480 0.0281 0.0413 0.0626 −0.0740 0.3325 0.0912 1

X12 −0.0571 −0.0204 −0.0375 0.1335 −0.0157 0.0959 0.0017 0.0214 0.2304 0.4763 −0.3123 1
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Pearson’s correlation coefficient (ρ) was used to measure the
strength of a linear association between two variables. Given a pair of
random variables (p, q), the following equation is used to calculate ρ:

ρ p, q( ) � cov p, q( )
σpσq

(1)

where cov denotes covariance, σp denotes the standard deviation of
p, and σq denotes the standard deviation of q. | ρ | > 0.8 represents a
strong correlation between m and n, values between 0.3 and
0.8 represents a moderate relationship, and | ρ | < 0.30 represents a
weak relationship (van Vuren, 2018). Table 3 depicts the strength of the
relationship between the various parameters in order of moderate to
weak linear correlation. The correlation coefficient has a maximum
absolute value of 0.7574, meaning there is no “strong” linear correlation.
Correlation analysis is commonly used in prediction modeling to find
potential predictors of an outcome variable. Correlation analysis can
also be used to identify potential sources of multicollinearity in our
predictor variables. When two or more predictor variables are
significantly associated with each other, multicollinearity occurs. We
can identify which variables contribute to multicollinearity by
evaluating the correlation matrix of our predictor variables.

3 Decision tree algorithms

3.1 Random tree

Random trees comprise a forest of predictor trees. Random tree
is an algorithm halfway between a simple decision tree and a random
forest. The classification mechanisms include the following: The
random tree classifier classifies the input vector of characteristic with
each tree in the forest and then outputs the class label with the most
“votes” (Witten et al., 2011).

A random tree is one that is randomly created from a set of
possible trees, each of which has K random attributes at each node.
In this context, “at random” indicates that any tree in the set has an
equal chance of being chosen for sampling. The tree distribution is
“uniform.” Rapidly constructing random trees and integrating them
with large sets of random trees typically yields accurate models. In
recent years, there has been extensive research on random trees in
the field of machine learning. This model employed the random tree
approach in order to achieve the highest level of accuracy in its
numerous classifier parameters, such asMinNum value–a minimum
number of instances, depth–maximum depth of the tree, and
seed–randomly selecting attributes, K value–number of sets
utilized for randomly chosen attributes. The Decision Tree must
be basic and compact for improved classification. Otherwise, the

level of precision will be diminished. To obtain the highest level of
precision, a random tree algorithm modifies the depth, seed, and K
value. To determine the maximum parameter value, one parameter
was held constant while the other was adjusted to determine the
parameter with the highest accuracy.

3.2 Reduced error pruning tree

The Reduced Error Pruning Tree (REPT) is a fast decision tree
learning algorithmmethod that combines Reduced Error Pruning (REP)
and the Decision Tree (DT) (Quinlan, 1987). When the output of a
decision tree is large, the DT is used to simplify the modeling process
using training dataset, and theREP is used to reduce complicity of the tree
structure (Mohamed et al., 2012). The pruning process in the REPT
algorithmaddresses the problemof backward overfitting (Quinlan, 1987).
Based on the post-pruningmethod, the REPT algorithm attempts to find
the minimal version of the most accurate sub-tree (Esposito et al., 1999;
Chen et al., 2009). Thismodel’s performance is based on information gain
from entropy or variance reduction and error pruning techniques
(Srinivasan and Mekala, 2014). The complex decision trees can lead
to overfitting and make a model less interpretable, REP helps to reduce
complexity by removing the DT structure’s leaves and branches
(Quinlan, 1987; Galathiya et al., 2012; Mohamed et al., 2012; Pham
et al., 2019).

3.3 Random forest

Breiman (2001) developed the Random Forest (RF) classifier and
may be characterized as a collection of classification trees in which each
tree votes on the class assigned to a given sample, with the most
frequently occurring answer winning the vote (Sun and Schulz, 2015).
The RF method has demonstrated its ability to handle high-
dimensional data and is relatively resistant to overfitting (Breiman,
2001). This algorithm is widely used in various domains of civil
engineering, including geotechnical engineering. Before model
training, two parameters must be selected: the number of predictors
considered at each fork of the tree and the number of random trees
constructed during model construction. This machine learning has
various advantages, including great performance with complicated
datasets utilizing tiny calibrating and the ability to handle with high
noise factors. The bagging approach is always used in a random forest to
randomly select variables from the entire dataset for model calibration.

3.4 Logistic model tree

Logistic Model Tree combines the C4.5 algorithm
(Quinlan, 1992) and Logistic Regression (LR) functions. The
information gain ratio technique is utilized to divide the tree
into nodes and leaves, and the LogitBoost algorithm
(Landwehr et al., 2005) is used to fit the logistic regression
functions at each node of the tree. Because it is the quickest
approach for giving dependable classification accuracy, the
C4.5 algorithm employs the entropy methodology for feature
selection (Lim et al., 2000). The CART technique, which
prunes the tree for modeling the training dataset,

TABLE 4 Confusion matrix of binary problem.

Actual Predicted

Yes No

Yes TP FN

No FP TN

TP,true positive; TN, true negative; FP, false positive; FN, false negative.
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overcomes the overfitting problem, which is a significant
challenge in LMT modeling (Shahabi et al., 2013). The IGR
can be expressed as follows:

Gain ratio a( ) � gain a( )
split info a( ) (2)

where gain (a) is the information obtained after attribute an is
chosen as a test for training sample classification and split info (a) is
the information obtained after categorizing x training samples into n
subsets (Quinlan, 1993).

The LogitBoost algorithm then conducts additive Logistic
Regression with least-squares fit for each class Ci (yes or no)
using the equation below (Doetsch et al., 2009):

Lc x( ) � ∑
CF

i�1
αixi + α0 (3)

where Lc(x) is the least-squares fit, and CF, αi are, respectively,
the number of liquefaction potential conditioning factors and
the coefficient of the ith element of vector x. The
posteriori probabilities in the leaves of the LMT are
calculated using the linear Logistic Regression model
(Landwehr et al., 2005):

p c x|( ) � exp Lc x( )( )
∑c
c′�1

exp Lc′ x( )( )
(4)

where c is the number of liquefaction classes and Lc (x), the least-

squares fit, is transformed in such a way that ∑
c

c′�1
Lc(x) � 0

4 Performance measures

The accuracy (Acc), Matthews correlation coefficient (Mcc),
precision (Prec), recall (Rec), F-score, and area under the receiver
operator characteristic (ROC) curve (AUC) were used to evaluate the
model’s performance. The performance metrics, together with their

formulations and definitions, based on the confusion matrix
(Table 4) described in Table 5.

5 Results and discussion

The manner in which data is divided into training and test sets
has a significant impact on the results of data mining techniques
(Javadi et al., 2006). The optimal parameter configuration is used to
fit the prediction model to the training set, and the test set is used to
evaluate model performance based on overall prediction outcomes
and prediction ability for each class. Finally, the best model is chosen
by comparing the overall performance of various models. If the
model’s prediction performance is satisfactory, it can be used for
deployment. The methodological framework of tree-based classifier
for predicting seismic gravelly soil liquefaction potential models is
shown in Figure 1.

The entire calculation process is performed in Waikato
Environment for Knowledge Analysis (WEKA) software (Version
3.9.6), a java-based and open-source application, trained the decision
tree models. It contains tools for data preparation, classification,
regression, clustering, association rules mining, and visualization. The
details of the different parameters of classifiers used for the
implementation of developed models in WEKA framework are
summarized in Table 6. First, the search range of different
parameters values is specified. In particular, for different algorithms,
the search range of the same parameters is kept consistent. Further on,
according to themaximum average accuracy, the optimal values for each
set of parameters are obtained, which are indicated in Table 6. Based on
the same dataset, these algorithms with optimal hyperparameters were
then used to predict seismic gravelly soil liquefaction potential. Several
performance measures based on a confusion matrix are made using
training and testing datasets for gravelly soil liquefaction potential were
used in order to quantify the performance measures of the proposed
models. The performance results of the proposed models were obtained
and compared with each other based on the same training and testing
datasets. Subsequently, the confusion matrix of each model was
determined, as shown in Table 7.

TABLE 5 Definition and formulation of performance measures.

Parameter Definition Formulation

Acc Rate of correctly classified instances from total instances Acc � TP+TN
TP+TN+FP+FN

Prec Rate of correct predictions Prec � TP
TP+FP or TN

TN+FN

Rec True positive rate Rec � TP
TP+FN or TN

TN+FP

F-score Used to measure the accuracy of the experiment F − score � 2 × Prec × Rec
Prec+Rec

Mcc measure the difference between the predicted classes and actual classes Mcc � TP × TN−FN × FP������������������������
(TP+FP)(TN+FP)(TN+FN)(TP+FN)

√

AUC The capacity of a classifier to discriminate between classes and is used to
summarise the ROC curve

-

Accmay represent how many samples are correctly identified, but it cannot demonstrate how many liquefied sites are correctly detected. Therefore, additional performance measures, such as

Prec and Rec, are necessary to further evaluate the performance of a model. Prec and Rec is a pair of contradictory measures. Generally, Prec is large while Rec is not large, or vice versa. Therefore,

a compromised index, F-score, is used to balance them.Mcc takes values in the interval [−1, 1], with “1” showing a complete agreement, “−1” a complete disagreement, and “0” presenting that

the prediction was uncorrelated with the ground truth. TheMcc value is regarded to be the best evaluation measure for the overall performance of a classifier method (Baldi et al., 2000). F-score

combines precision and recall values to attain a harmonic mean. F-score has ranged from 0 (worst value) to 1 (best value). The AUC, is employed to summarize the ROC, curve; ROC, curve gives

five degrees of rating (Bradley, 1997): excellent (0.9–1), good (0.8–0.9), fair (0.7–0.8), poor (0.6–0.7), and not discriminating (0.5–0.6). Concisely, model having good Acc, larger AUC, high

F–score, and high Mcc concurrently depicting ideal model as class imbalance are not simply eluded in soil liquefaction study.
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The values on the main diagonal indicated the number of cases
correctly predicted. The Acc, Prec, Rec, F-score, Mcc, and AUC were
calculated, which were listed in Table 6. To make a fair comparison, all
the models are developed by applying them to the same seismic gravelly
soil liquefaction case history training and testing data sets.

Figure 2, displays the bar plot of the yes and the no classes of the
seismic gravelly soil liquefaction for the training and test phases. The
analysis of the Acc together with Rec, Prec, F-score,Mcc, andAUC for the
seismic gravelly soil liquefaction potential data set demonstrates that the
LMT achieved a better prediction performance in training set succeeded

FIGURE 1
Methodological framework of Tree-based classifier for predicting seismic gravelly soil liquefaction potential.

TABLE 6 Classifiers’ parameters.

LMT RT REPT RF

Parameter Value Parameter Value Parameter Value Parameter Value

fastRegression True KValue 0 initialCount 0 bagSizePercent 9

minNumistances 15 allowUnclassifiedInstances False maxDepth −1 maxDepth 1

numBoostingIterations −1 maxDepth 0 minNum 2 numExcutionSlots 1

splitOnResiduals False minNum 1 numFolds 4 numFeatures 0

useAIC False numFolds 2 seed 4 numIterations 1,000

weightTrimBeta 0 seed 5 spreadIntialCount False seed 1

TABLE 7 Confusion matrices results for training and testing datasets.

Dataset Model

LMT RT REPT RF

Actual Predicted

Yes No Yes No Yes No Yes No

Training Yes 89 5 86 8 87 7 88 6

No 12 56 14 54 12 56 24 44

Testing Yes 39 3 38 4 34 8 39 3

No 9 21 8 22 5 25 11 19
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by the REPTmodel, RTmodel and theRFmodel. Similarly, in test set, the
LMT also achieved better prediction succeeded by the REPT model, RT
model, and the RF model (see Figure 2). It can be seen that most of the
cases, i.e., 145 were accurately classified using the LMT in the training
dataset whereas the performance of the LMT and RT models are at par,
i.e., 60 cases in the test set. Decision trees algorithms, i.e., RT and REPT
are quite transparent, and are white box models that are more intuitive
and interpretable than ones with other model, i.e., logistic regression and
ANN models for seismic gravelly soil liquefaction potential proposed in
the literature. Due to tree-like structures, the proposed models can not
only obtain accurate classification results, but can also show the internal
mechanism for classification results. Figure 3 shows the results of
implementing RT. The size of this tree is 29 with the number of
nodes being 14 and 15 leaves. The leaves of the tree represent the

predictive rules of the tree. The process time of building this tree is 0.02 s.
Similarly, the size of REPT is 11 with the number of nodes being 5 and
6 leaves is shown in Figure 4. The process time of building REPT is 0.01 s.
The overall accuracy of LMT model based on the training and test sets
were found better than the RTmodel. By comprehensively analyzing the
Acc together with Rec, Prec, F-score, Mcc, and AUC, the rank of overall
prediction performance was LMT>REPT>RT>RF. According to the Rec,
Prec, F-score of each yes and no levels, the prediction performance for yes
level was better than that for no level. The graphical output of the RT and
REPT models are presented in Figures 3, 4 respectively. The numbers in
parentheses at each leaf node, represent the total number of instances and
the number of incorrectly classified cases. It is clear that some instances
are misclassified in some leaves. The number of misclassified instances is
specified after a slash. In order to create the most accurate RT and REPT

FIGURE 2
Comparison of results of developed DT models.

FIGURE 3
RT model.
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models, the optimal values for theminimumnumber of instances per leaf
in WEKA were obtained through trial and error. The developed RT and
REPT models, Figures 3, 4 can be used by geotechnical engineering
professionals with the help of a spreadsheet to evaluate the gravelly soil
liquefaction potential for a future seismic event without going into
complexities of model development.

Furthermore, Figure 5 shows that the LMT was able to achieve
excellent results with the lowest number of unmatched cases. For LMT,
REPT, RT, and RFmodels, the matched and unmatched numbers were
205 and 29, 202 and 32, 200, and 34, and 190 and 44, respectively,
indicating the LMT model’s superiority over the other models used in
this study. The error rate throughout the testing phase was low,
illustrating the LMT model’s high performance. It was determined

that the model with the best performance for seismic gravelly soil
liquefaction was the LMT, and that it could be utilized in this field for
the same purpose of minimizing the associated risk.

Although the proposed models produce desired predictions, it
has some limitations, such as a limited and class imbalanced dataset.
In general, a limited dataset will have an impact on model
generalization and reliability. While the generated models
perform well with limited data sets, with Acc greater than 80%,
prediction performance on a larger dataset should be improved.
Furthermore, the dataset is class imbalanced because yes (liquefied)
instances outnumber no (non-liquefied) cases. As a result, it is
critical to make a larger and more balanced seismic gravelly soil
liquefaction database.

FIGURE 4
REPT model.

FIGURE 5
Comparison of results obtained from different models.
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For determining the effectiveness of developed models and
comparing their robustness, rank analysis method is used. The
statistical parameters are used to assign the score value in this
study, with their ideal values serving as the benchmark. It depends
on howmany models are used. The greatest score is given to the best
performing results model, and vice versa. The ranking ratings for
two models with the same outcomes may be the same. The score
attained by LMT is the highest in the training phase (12), followed by
REPT (9) and RT (6) and RF (3) as presented in Table 8.

6 Conclusion

In this paper, prediction models were developed by using
decision tree models such as LMT, REPT, RT, and RF for the
seismic gravelly soil liquefaction potential and compared the model
performances. Totally 234 case history data were used for the study
with twelve different input parameters for seismic gravelly soil
liquefaction potential were selected as the input variables: Mw, R,
t, PGA, GC, FC, D50, N′120, σ′v, Dw, Hn, and Dn. The predictive
performance of the proposed models is verified and compared. In
this study, the LMT model successfully achieved a high level of
modeling prediction efficiency to REPT model, RT model and RF
model in the training and test sets. Because all models were
developed using the same methods (with the same training and
test data sets), the LMTmodel performed the best and highest in this
aspect. By comprehensively analyzing the Acc, Prec, Rec, F-score,
Mcc, and AUC for yes and no classes, the LMT performed better
than REPT, RT, and RF models in the training and test sets.
However, in this study, the RF was deemed the lowest-
performing model. For LMT, REPT, RT, and RF models, the
matched and unmatched numbers were 205 and 29, 202 and 32,
200 and 34, and 190 and 44, respectively, indicating the LMT
model’s superiority over the other models used in this study.
Furthermore, rank values of LMT, REPT, RT and RF are 12, 9,
6, and 3, respectively and the error rate throughout the testing phase
was low, illustrating the LMT model’s high performance. It is
believed that the limitation on achieving more successful results
is due to the limited number of data (234 case history data) and it is

thought that the success rates of different decision tree models will
increase if the data set is expanded in the future.
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Ningdong coal base area located in northwestern China is one of the largest coal-
producing bases in China. The aim of this work is to investigate a regional-scale
mining subsidence over the Ningdong coal base area, by using both conventional
and advanced Differential Synthetic Aperture Radar Interferometry (DInSAR)
methods. Fifteen L-band SAR images from ALOS-2 satellite and 102 C-band
images from Sentinel-1A satellite spanning between November 2014 and July
2019 were used for the analysis. To increase the spatial extent of the displacement
signal because of decorrelated effects, we modified the traditional Small Baseline
Subset (SBAS) method to incorporate the coherence into the inverse problem,
hereafter we call it coherence-based SBAS method. Instead of excluding
decorrelated pixels present in the interferograms, we keep all the pixels in the
time series analysis and down-weighted the decorrelated pixels with coherence.
We performed the coherence-based SBAS method to both the two SAR datasets
to obtain the subsidence rate maps and displacement time-series over the mining
areas, and compared the results with that from the traditional stacking InSAR
method. We evaluated the effectiveness of L-band and C-band DInSAR for
monitoring mining subsidence by comparing differential interferograms and
displacements derived from SBAS method between ALOS-2 and Sentinel-1A
data. Compared to C-band, L-band SAR are less affected by phase aliasing due
to large displacement gradients. The most significant subsidence was found at
Maliantai mine with −264 mm/year detected by SBAS method from Sentinel-1
data. We validated the InSAR displacement accuracy by comparing both ALOS-2
and Sentinel-1 results with 18 GPS stations above five active mining regions. The
average RMSE between InSAR and GPS measurements is 28.4 mm for Sentinel-1
data and 21 mm for ALOS-2 data. Our results demonstrate that the combined
exploitation of L-band and C-band SAR data through both conventional and
advanced DInSAR methods could be crucial to monitor ground subsidence in
mining areas, which provides insights into subsidence dynamics and determine
the characteristic surface response to longwall advance.
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1 Introduction

Land subsidence is one of the most important hazards
associated with underground coal mining activities. Surface
deformation due to excavation or destruction of mining
operations may cause serious damages to urban structures and
infrastructures within the mining area. The impacts of surface
displacement depend on several factors including the type and
size of the mine, the type and size of the structure, and the
magnitude of displacement itself. Surface displacement is an
indicator of cave development and stress redistribution, and
short-period, high-resolution monitoring has the potential to
gain insight into displacement dynamics and determine the
characteristic surface response to underground mining
activities (Wempen, 2020). The northwestern China is rich in
coal resources and has good mining conditions, coal production
has been transferred to the western region of China (Cai et al.,
2022). Longwall mining is a particularly important method of
coal production in the western China because coal reserves are
deep. When ground subsidence is planned as part of a longwall
mining development, a subsidence control plan is required. As a
caving method, longwall mining can be used in deep mines with
high recovery efficiency. Monitoring the spatial distribution and
temporal evolution of land subsidence is critical for mining
design, therefore mining activity is implemented to ensure
subsidence occurs under predictable and control.

Mining subsidence was traditionally monitored using
geodetic methods, including leveling and Global Positioning
System (GPS), and occasionally differential analysis using
Digital Elevation Model (DEM) derived from Light Detection
and Ranging (LiDAR) (Zhu et al., 2020; Liu et al., 2022). Space-
borne Differential Synthetic Aperture Radar Interferometry
(DInSAR) has been effective to monitor ground surface
displacement with the advantages of high accuracy, wide
coverage, and independence of weather. Over the mining
areas, this technique has proven to be particularly useful to
monitor mining subsidence (Wegmuller et al., 2000; Przylucka
et al., 2015; Ilieva et al., 2019). However, the traditional DInSAR
technique based on a single image pair is vulnerable to
decorrelated effects and atmospheric delays. InSAR time series
analysis methods have been proposed to exploit the redundancy
in InSAR multitemporal stacks to mitigate noise and nuisance
signals such as atmospheric effects, residual topography, and
decorrelation. While many InSAR time series analysis methods
have been developed in the last 2 decades, most of them share
similar characteristics which can be categorized into two types of
technique (Ferretti et al., 2001; Berardino et al., 2002; Hooper
et al., 2007): Persistent Scatterer Interferometry (PSI) and Small
Baseline Subset (SBAS).

Subsidence observation to comply with mining regulations is
one of the reasons for monitoring subsidence. However, the
presence of fast subsidence prevents the InSAR from a robust
unwrapping of the interferogram due to phase aliasing and

temporal decorrelated effects. A combination of conventional
and advanced DInSAR has been proposed to monitor fast
evolving mining subsidence over Bytom City, Poland
(Przylucka et al., 2015). By comparison of L-band and X-band
interferograms over mining areas in central Utah, it is found that
L-band data are less affected by phase aliasing effects due to large
displacement gradients and by temporal decorrelation due to
changes in the surface conditions over time (Wempen and
McCarter, 2017). With a short revisit time of 6 days from
Sentinel-1 constellation and a prediction model based on the
Knothe-Budryk theory, it is possible to track the mining
deformation life cycle (Ilieva et al., 2019). A model-assisted
phase unwrapping approach was proposed to tackle the phase
aliasing problem for the cases when the subsidence gradient
exceeds the maximum measurable gradient of DInSAR
technique (Dai et al., 2021). Recently, a deep convolutional
neural network has been proposed to detect and map
localized, rapid mining subsidence from wrapped
interferograms, and a phase unwrapping network is designed
to unwrap the cropped interferogram patches centered on the
detected subsiding locations (Wu et al., 2022).

In this paper, we analyzed 15 L-band SAR images from
ALOS-2 satellite and 102 C-band images from Sentinel-1A
satellite spanning between November 2014 and July 2019 to
investigate land subsidence over a large coal mining area in
Ningdong coal base, northwestern China. In order to suppress
noise from decorrelated pixels, we modified the traditional Small
Baseline Subset (SBAS) method to incorporate the coherence into
the inverse problem (we call it coherence-based SBAS method).
The signals in the decorrelated pixels over the mining region are
down-weighted in the SBAS analysis by using the coherence as
weighting matrix. The stacking and coherence-based SBAS
InSAR time series analysis methods were applied to analyze
the two SAR datasets to obtain the subsidence rate maps and
displacement time-series over the mining areas. We evaluated the
capability of L-band and C-band SAR data in extracting rapid
mining subsidence by comparing the interferograms and
displacement time series. We validated the InSAR
displacement time-series by comparing both ALOS-2 and
Sentinel-1 results with 18 continuous GPS stations above five
active mining regions in this coal base. Our results provide
insights into subsidence dynamics and determine the
characteristic surface response to longwall advance and
support the hazard mitigation in the coal base.

2 Methodology

2.1 Conventional DInSAR processing

InSAR exploits the phase difference between two SAR images
taken from slightly different sensor positions and extracts
information about the earth’s surface. The computed
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interferogram contains phase variation Δ∅int from several
contributing factors (Hanssen, 2001), most importantly the
flat-earth phase Δ∅flat, the topographic phase Δ∅DEM,
atmospheric conditions Δ∅atm, and other noise Δ∅n, and
lastly the eventual surface displacement Δ∅disp which
occurred between the two image acquisition dates. Thus, the
phase components of an interferogram can be written as:

Δ∅int � Δ∅DEM + Δ∅f lat + Δ∅disp + Δ∅atm + Δ∅n (1)

DInSAR attempts to remove the topographic phase Δ∅DEM

from the measured interferogram Δ∅int with the goal of isolating
Δ∅disp and facilitating precise surface displacement mapping.
Removing the topographic phase contribution can be achieved by
using an external Digital Elevation Model (DEM). The surface

displacement ΔRdisp in radar line-of-sight (LOS) direction can be
obtained after removing the phase components of atmospheric
effects Δ∅atm and phase noise Δ∅n.

ΔRdisp � − λ

4π
Δ∅disp (2)

Longer wavelengths tend to have some penetration of
vegetation, dry soils, and ice; phase measurements from longer
wavelengths tend to be less sensitive to small changes in the
surface conditions over time. Additionally, the maximum
deformation gradients measurable by DInSAR depend
significantly on the radar band and on the ground resolution
(pixel size) of the image (Wempen and McCarter, 2017). Longer
wavelengths are less sensitive to deformation per pixel than shorter

FIGURE 1
(A) Location of the Ningdong Energy and Chemical Industry Base (NECIB), as outlined by the red polygon. The tenmining concessions located in the
region are outlined by black polygons and numbered from 1 to 10 in the figure. The names of the corresponding mining concession are marked in the
legend. The green rectangle indicates the coverage of the ALOS-2 image and the blue rectangle indicates the processing region of the Sentinel-1 image.
(B) The 30-m resolution land cover in the study area, which is obtained from GlobeLand30 (Chen et al., 2014). (C–E) The mining induced ground
fissures in the NECIB (F) One of the continuous GPS stations in the NECIB.
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wavelengths, and larger deformation gradients are measurable in
higher resolution data.

Besides the interferometric phase, the coherence between the
reference and the repeat image is estimated as an indicator for the
quality of the phase information. Basically, it shows if the images
have strong similarities and are therefore usable for
interferometric processing. Coherence can be computed as
(Hanssen, 2001):

γ �
1
N ∑N

i�1M · S*��������������������
1
N ∑N

i�1M ·M* 1
N ∑N

i�1S · S*
√ (3)

where M, S are the complex value of a pixel in the reference and
repeat images and N stands for the size of a window used for

coherence estimation. Loss of coherence can produce poor
interferometric results and is caused by temporal (over vegetation
and water bodies), geometric (errors or inaccuracies in the orbit
metadata) and volumetric decorrelation (potential scattering
mechanisms of voluminous structures, such as complex
vegetation or dry surfaces). The accuracy of DInSAR can be
limited by phase decorrelation. Low coherence indicates an
increase in the noise level of InSAR phase measurements, and
InSAR analysis methods typically use a coherence threshold to
mask out noisy pixels. In addition, large displacement gradients
can cause phase aliasing.When the phases are saturated, the absolute
deformation cannot be directly measured using conventional
DInSAR technique. To limit the effect of phase decorrelation and
phase aliasing effects, data were paired over the shortest possible

TABLE 1 Production capacity, mining method, and technique of the main coal mines in NECIB [adapted from (Cai et al., 2022)].

No. Coal mines Production capacity
(104 t a−1)

Brief introduction of coal mining method and technology

1 Renjiazhuang 360 Adopting the strike longwall comprehensive mechanized fully mechanized mining method and fully-caving
management of the roof

2 Hongshiwan 60 Adopting the strike longwall comprehensive mechanized mining method, fully mechanized full seam one
passing mining technology, and fully-caving management of the roof

3 Maliantai 360 Adopting the strike longwall retreating mining method, fully mechanized full seam one passing mining
technology, and fully-caving management of the roof

4 Qingshuiying 500 Adopting the strike longwall comprehensive mechanized fully mechanized mining method and fully-caving
management of the roof

5 Lingxin 320 Adopting the strike longwall retreating mining method, comprehensive mechanized coal mining
technology, and fully-caving management of the roof

6 Yangchangwan 1,200 Adopting the strike longwall comprehensive mechanized mining method, fully mechanized full seam one
passing mining technology, and fully-caving management of the roof

7 Meihuajing 1,200 Adopting the strike longwall comprehensive mechanized mining method, fully mechanized full seam one
passing mining technology, and fully-caving management of the roof

8 Zaoquan 800 Adopting the strike longwall comprehensive mechanized fully mechanized mining/caving mining method
and fully-caving management of the roof

9 Jinfeng 400 Adopting the strike longwall comprehensive mechanized mining method, fully mechanized full seam one
passing mining technology, and fully-caving management of the roof.

10 Shigouyi 90 -

TABLE 2 Parameters of SAR data used in this study.

Satellite ALOS-2 Sentinel-1

Wavelength L band (24.245 cm) C band (5.546 cm)

Resolution (range × azimuth) 9.1 m × 5.3 m 2.7–3.5 m × 22 m

Swath width 70 km 250 km

Flight direction Ascending Ascending

Time span 29/11/2014–6/7/2019 03/12/2014–10/7/2019

Number of scenes 15 102

Small baseline thresholds (spatial × temporal) 200 m × 300 days 150 m × 50 days

Number of formed interferograms 25 211
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periods, and the data were accumulated, additively, to estimate the
subsidence over longer periods.

2.2 InSAR stacking method

To minimize the impact of atmospheric phase disturbances and
unwrapping errors, a series of images can be analyzed to get a more

reliable result. This is the stacking method which was originally
proposed by Sandwell and Price (1998). By averaging displacements
of several dates, the impact of atmospheric disturbances and
unwrapping errors is reduced, and the actual displacement
patterns become more evident. This assumes that deformation
trend is linear between the first and the last image pair, and the
phase noises are random in time. However, the assumption of linear
deformation behavior might not be true in the mining region,

FIGURE 2
Spatial and temporal baselines for Sentinel-1 (A) and ALOS-2 data (B). The red triangles indicate acquisition dates, and the lines represent
interferometric pairs. A total number of 211 interferograms were generated from Sentinel-1 data and 25 interferograms were formed from ALOS-2 data.

Frontiers in Earth Science frontiersin.org05

Tang et al. 10.3389/feart.2023.1132890

158159

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1132890


especially over the mines under active excavation. The LOS
displacement rate Vdisp can be averaged by a stack of
interferograms as,

Vdisp � λ

4π
· ∑

N
i�1Δ∅i · ΔTi

∑N
i�1ΔTi

2
(4)

where Δ∅i is the differential phase of the ith interferogram. ΔTi is
the corresponding time span of the interferometric pair, which is
used for the weight computation during the averaging. The standard
deviation of the LOS displacement rate can be computed as (Zhang
et al., 2021),

stdV �

�������������������������
1
N
·
∑N

i�1 ΔTi
2 · Δ∅i

ΔTi
− Vdisp( )2( )

∑N
i�1ΔTi

2

√√
(5)

2.3 Coherence-based SBAS method

The SBAS algorithm is originally proposed by Berardino et al.
(2002), which is based on an appropriate combination of
interferometric pairs characterized by small spatial and
temporal baselines in order to limit the decorrelation effect.
The traditional SBAS method is still less effective over
vegetated surfaces due to the loss of coherence; pixels with
low coherence are typically excluded from the analysis, leading
to the reduced spatial coverage of the final InSAR displacement

map. In addition, in areas with significant gradient deformation
out of the detection threshold of InSAR technique, such as over
the active mining areas, the maximum mining subsidence can be
up to several meters; the traditional InSAR time series methods
commonly underestimate the magnitude of the large
displacement field. Several variants have been developed to
improve the performance of SBAS method in extracting
surface displacements. One of these variants is using the
metrics of phase quality (phase coherence) as a weight of the
phase observations in the SBAS analysis (Schmidt and
Bürgmann, 2003; Tong and Schmidt, 2016), which we refer to
coherence-based SBAS method in our study.

Instead of omitting partly decorrelated pixels in the
interferogram, all pixels are kept in the SBAS inverse problem
and the phase observations were weighted based on the
coherence for each pixel in each differential interferogram. The
decorrelated pixels will be down-weighted in the time-series analysis
due to their low coherence information. This coherence-based SBAS
method is less sensitive to the noise in the input phase data, and it
produces a spatially coherent signals with dense coverage. The
weighted least squares inversion for each InSAR pixel is (Tong
and Schmidt, 2016):

W

1 1 0 . . . βB1

0 1 1 . . . βB2

. . . . . . . . . . . . . . .
ρ/Δt1 −ρ/Δt1 0 . . . 0
0 ρ/Δt2 −ρ/Δt2 . . . 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

m1

m2

. . .
ms

Δh

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
� W

d1

d2

. . .
0
0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(6)

TABLE 3 Available continuous GPS stations in the study.

Mines Number of monitoring stations Site name Longitude Latitude Time span

Renjiazhuang 4 RJZ-1 106.470 38.185 7/2/2015–27/5/2020

RJZ-2 106.476 38.180 7/2/2015–27/5/2020

RJZ-3 106.475 38.188 7/2/2015–27/5/2020

RJZ-4 106.479 38.185 7/2/2015–27/5/2020

Maliantai 3 MLT-1 106.565 38.230 25/5/2017–27/5/2020

MLT-2 106.563 38.257 8/3/2018–28/5/2020

MLT-3 106.562 38.253 8/9/2017–28/5/2020

Lingxin 3 LX-1 106.639 38.050 2/6/2015–27/5/2020

LX-2 106.637 38.047 24/5/2015–27/5/2020

LX-3 106.636 38.044 14/6/2015–21/2/2020

Yangchangwan 4 YCW-1 106.643 37.979 12/8/2015–27/5/2020

YCW-2 106.644 37.977 11/10/2015–27/5/2020

YCW-3 106.645 37.975 13/11/2015–27/5/2020

YCW-4 106.641 37.973 29/4/2015–5/1/2020

Meihuajing 4 MHJ-1 106.695 38.017 13/6/2015–27/5/2020

MHJ-2 106.692 38.007 27/2/2016–27/5/2020

MHJ-3 106.688 37.999 11/9/2015–6/1/2019

MHJ-4 106.685 37.994 3/8/2015–27/5/2020
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where W is the weighting matrix and W � diag γ1, γ2, γ3,/, γn{ }
with γi the coherence of the ith interferogram (see Eq. 3). mj is
the incremental displacement for each SAR epoch, di is the LOS
phase of the ith interferogram, Bi is the perpendicular baseline of
the ith interferogram, Δh is the DEM error, ρ is the smoothing
factor to penalize the unrealistically outliers in the data. β is the
scale factor determined by radar wavelength and the incidence
angle of the radar signal and the distance from the radar sensor
to the ground. The kernel matrix has a size of [n × s + 1], where n
is the number of differential interferograms and s is the number
of temporal incremental. The atmospheric correction is done in
combination with the SBAS time series estimation using an the
common-point-stacking method as described in (Tymofyeyeva
and Fialko, 2015; Tang et al., 2022). After that, this method
solves the inverse problem in Eq. 6 on a pixel-by-pixel basis to
retrieve the time series of cumulative displacement as:

M t( ) � ∑s

i�1mj (7)

The average displacement rates are finally calculated by a linear
regression to the InSAR-retrieved displacement time series.

3 Study area and data

3.1 Description of the study area

Ningdong Energy and Chemical Industry Base (NECIB) is one
of the largest coal mining areas in China. It is located in Ningxia Hui
Autonomous Region, northwestern China, which covers an area of
3,484 km2 (Figure 1A). The Ningdong coal base is located in the
NECIB, which is one of the largest coal-producing bases in China.
This coal base has a coal reserve of 38.6 billion tons, accounting for
84% of the total amount across Ningxia province. With the
exploitation of coal resources, the surface deformation due to
underground coal extraction has caused damages to the mine
facilities and surrounding infrastructures and buildings (Wang
et al., 2018; Wang et al., 2021). By 2019, it has been documented
that the affected area of mining subsidence in NECIB was up to
22.102 km2 and 191 ground fissures were formed (see some fissures
in Figure 1) (Wang et al., 2018). At the same time, mining
subsidence has destroyed the natural state of the land, caused
water and soil loss, land desertification, and threatened the entire
ecological environment in this region. The land cover over this

FIGURE 3
Average LOS subsidence rates derived by InSAR stacking method from Sentinel-1 (A) and ALOS-2 (B) images. The ten mining concessions in the
NECIB region are outlined by black polygons and numbered from 1 to 10 in the figure.

Frontiers in Earth Science frontiersin.org07

Tang et al. 10.3389/feart.2023.1132890

160161

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2023.1132890


region is shown in Figure 1B. The primary land use is covered by
grass, which accounts for 62.3% of the territory inside the NECIB,
and the second is cropland, accounting for 20.3%.

The coal mining activities in this region mainly includes
10 coalfields: Renjiazhuang, Hongshiwan, Maliantai,

Qingshuiying, Lingxin, Yangchangwan, Meihuajing, Zaoquan,
Jinfeng and Shigouyi, as shown in Figure 1. Mining activities
started in 2003 and operated till now. Most of the coal mines
have adopted the comprehensive mechanized coal mining
method with the longwall mining technique, and the caving
method is used to manage the roof. A few coal mines adopt the
room and pillar mining method. However, it should be noted
that some coal mines adopt two or more coal mining methods
simultaneously. The production capacity, mining method, and
technique of main coal mines in the NECIB are listed in Table 1.

Over longer periods (years), the characteristics of subsidence
including the angle of draw, displacement, maximum subsidence
relative to seam height, depend on both the mining and geological
conditions. The mining method, the width of the mined area, the
reserve recovery, the rate of mine development, the topography, and
the strata thickness, depth, and dip are significant parameters that
affect the magnitude, extent, and duration of subsidence. Regional
hydrology, geologic structures, and the geotechnical properties of
the strata also affect subsidence.

3.2 SAR data and interferograms generation

We selected SAR images from ALOS-2 and Sentinel-1
satellites for mining subsidence monitoring. Parameters of
SAR data used in this study are listed in Table 2. The
coverage of the SAR images can be seen in Figure 1. ALOS-2
satellite works in L band with a wavelength of 24.2 cm, which is
conducive to maintaining the interferometric coherence and
extracting the large surface deformation in the mining area.
We obtained 15 archived acquisitions from ALOS-2 satellite,
spanning the period from 29 November 2014 to 6 July 2019. The
maximum theoretical detectable displacement between two
fringes is 12.1 cm every 10 m (i.e., pixel resolution) for ALOS-
2 image. SAR images from Sentinel-1 mission were acquired in C
band with a wavelength of 5.6 cm, which is more vulnerable to the
decorrelation than L-band data and is more likely to cause phase
aliasing due to the rapid surface deformation. The maximum
theoretical detectable displacement between two fringes is only
2.8 cm every 30 m for the Sentinel-1 image. However, Sentinel-1
data has a short sampling interval of only 12 days, and data
acquisitions are regularly sampled and uniformly distributed in
time, which improves the performance of the retrieval of fast
deformation over mining areas. A total number of 102 images
from Sentinel-1 was used in this study spanning the period from
03 December 2014 to 10 July 2019, which is many more images
than that of ALOS-2. These two independent SAR datasets were
both acquired in ascending orbit and in similar time spanning
which makes it possible to directly compare results between the
two SAR datasets.

For the coherence-based SBAS processing, we formed
211 interferograms from Sentinel-1 scenes, with a 50-day
temporal baseline threshold and a 150-m perpendicular baseline
threshold (Figure 2A). The pairs 20141109–20150603 and
20141203–20150520 were manually connected to avoid an
isolated cluster in the interferogram combination due to the
large time gap between the first two SAR acquisitions
(20141109 and 20141203) and the subsequent acquisitions.

FIGURE 4
Zoomed-in view of the average LOS subsidence rates derived by
the stacking InSARmethod over the active mining areas. The contours
of subsidence rate are superimposed on the map. Note that the
contour interval varies for each velocity map. Qingshuiying and
Jinfeng mines are not mapped in this figure because no significant
displacement patterns were found in these two mines. The first
column is velocity derived from Sentinel-1, the second column is
velocity from ALOS-2, the third column is the histogram of the
Sentinel-1 velocity, and the fourth column is the histogram of the
ALOS-2 velocity. The ALOS-2 images do not cover Renjiazhuang,
Hongshiwan, and Maliantai. The maximum subsidence rates are
indicated in the third and fourth column.
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FIGURE 5
Averaged LOS subsidence rates derived by the coherence-based SBAS method from Sentinel-1 (A) and ALOS-2 (B) images.

TABLE 4 Maximum subsidence rates and maximum cumulated subsidence from ALOS-2 and Sentinel-1 data over the ten mines in NECIB from stacking and SBAS
methods.

No. Mine Max. Subsidence rate (mm/year) Max. Cumulated subsidence (mm)

Sentinel-1 ALOS-2 Sentinel-1 ALOS-2

Stacking SBAS Stacking SBAS Stacking SBAS Stacking SBAS

1 Renjiazhuang −96 −138 - - −448 −498 - -

2 Hongshiwan −48 −80 - - −223 −310 - -

3 Maliantai −162 −264 - - −755 −960 - -

4 Qingshuiying −61 −78 −25 −46 −284 −313 −115 −216

5 Lingxin −101 −161 −158 −136 −471 −553 −726 −598

6 Yangchangwan −90 −131 −103 −98 −419 −477 −473 −413

7 Meihuajing −124 −131 −134 −116 −578 −484 −616 −506

8 Zaoquan −103 −120 −88 −105 −480 −448 −404 −521

9 Jinfeng −33 −53 −54 −55 −153 −205 −248 −250

10 Shigouyi −54 −90 −52 −79 −251 −260 −239 −349
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C-band data from Sentinel-1 satellite are strongly decorrelated by
vegetation or the fast-mining subsidence over this region. The
short 50-day temporal baseline threshold was set to mitigate this
effect. For the ALOS-2 data with a longer radar wavelength, we set
larger thresholds for the spatial (200 m) and temporal (300 days)
baselines, and 25 interferograms were constructed (Figure 2B). We
also discarded interferograms with strong decorrelation by visual
inspection.

All the interferograms were produced using the open source
InSAR software GMTSAR (Xu et al., 2017). The software is built
on a Generic Mapping Tools (GMT) foundation (Wessel et al.,

2019). The ALOS-2 data are acquired in the traditional strip-map
mode and the image coregistration was implemented based on
the standard image cross-correlation method, which achieves
sufficient accuracy for the interferometric processing (~1/
10 pixel). While for the Sentinel-1 data, which are the
Interferometric Wide Swath (~250 km) product acquired using
the Terrain Observation with Progressive Scans SAR (TOPSAR)
mode, the image alignment was implemented with the enhanced
spectral diversity (ESD) to achieve the acceptable azimuth
registration accuracy (better than 1/200 pixel) (Xu et al.,
2017). The topographic phase components were removed
using an existing DEM with 30 m spatial resolution from
SRTM (Shuttle Radar Topography Mission) (Farr et al., 2007).
For the spatial filter, we used a Gaussian filter with a 0.5 gain at a
wavelength of 200 m in azimuth and ground range and the
decimation factors were set to 8 in range and 2 in azimuth
direction. This produces displacement results in geographic
coordinate with a grid spacing of ~50 m. Phase unwrapping is
performed by the software SNAPHU (Statistical-Cost, Network-
Flow Algorithm for Phase Unwrapping) software (Chen and
Zebker, 2001).

3.3 Continuous GPS data

In order to monitor the surface movement caused by coal
mining, a local surveying institute has deployed high-precision
real-time continuous GPS stations in some coal mines in the
NECIB (Wang et al., 2018; Wang et al., 2021). At each mine, an
independent GPS network was established with a reference
station installing on stable ground away from the active
mining surface and several monitoring stations installing
above the surface of the working panel. In this study, we have
access to a total of 18 GPS monitoring stations located in five
mining areas, including Renjiazhuang, Maliantai, Lingxin,
Yangchangwan and Meihuajing mines (Table 3). Four GPS
monitoring stations are available for each mine in
Renjiazhuang, Yangchangwan and Meihuajing and three
stations are available for each mine in Maliantai and Lingxin.
A GPS site photo can be found in Figure 1F. GPS measurements
are in three dimensions: East-West (EW), North-South (NS), and
Up-Down (UD), often called ENU displacements with respect to
a specific reference frame or a few reference points. The GPS
antenna’s sampling frequency in time is 1 h. The hourly
displacement time series were resampled to a daily sampling
interval and were smoothed with a 7-day moving box. The GPS
three-dimensional NEU displacement were projected into InSAR
LOS direction to validate the accuracy of InSAR-derived
displacements in Section 5.3.

4 Results and analysis

4.1 Stacking displacement velocity maps

We applied the stacking InSAR method to the unwrapped
differential interferograms formed in Section 3.2 (Figure 2) and
the averaged LOS displacement rates is obtained using Eq. 4, as

FIGURE 6
Zoomed-in view of the average LOS subsidence rates derived
by the coherence-based SBAS method over the active mining
areas.
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shown in Figure 3. In the results, pixels with temporally averaged
coherence values smaller than 0.25 were masked out. The
observation of the retrieved results for the two SAR datasets
(Figures 3A, B) reveals almost the same spatial distribution and
magnitude of the estimated subsidence. Except the Qingshuiying
and Jinfeng mines, significant subsidence over these mining areas
can be clearly identified in the velocity maps, suggesting a clear
relationship between the mining activities and the measured
deformation. The zoomed-in view of the averaged LOS
subsidence rates from both Sentinel-1 and ALOS-2 datasets and
velocity distribution histograms in these active mining areas are
shown in Figure 4. The most significant subsidence was identified in
Maliantai mine, with a maximum subsidence rate up to 162 mm/
year in the LOS direction, which is related to the ongoing mining
activities. The least significant subsidence occurred in the mines of

Hongshiwan and Shigouyi, with a maximum rate of only
~50 mm/year, which was probably associated with the residual
mining subsidence after mine closure. However, we also found
several subsidence features outside of the boundary of the ten
mining concessions, such as in the south of Yangchangwan and
Meihuajing mines. This might be due to mining activities
belonging to another mining concessions which are not
included in our study. From Figure 4, we can see that the
spatial pattern of the mining subsidence and the distribution
of subsidence rates (see histograms in Figure 4) are similar for the
results from Sentinel-1 and ALOS-2. Theoretically, the ALOS-2
data with a longer radar wavelength in L band can detect a larger
mining subsidence rate than that of Sentinel-1 data, which can be
manifested in the observations in mines of Lingxin,
Yangchangwan and Meihuajing (see Figure 4).

FIGURE 7
The spatial and temporal pattern of ground subsidence over Maliantai mine in NECIB, derived by the coherence-SBASmethod from Sentinel-1 data.
The subsidence maps are shown at intervals of about 6 months. Three subsidence bowls were formed in this mining concession region. The horizontal
black lines on 20190710 (M-M1′, M2-M2′ and M3-M3′) represent the locations of the profiles across the three subsidence bowls, which are shown in
Figure 8. The white points (MP1-MP3) on 20190710 marks the location of the displacement time-series shown in Figure 8. These points are located
on each profile with the maximum cumulative subsidence. The subsidence contours are superimposed on each map. All the displacements are
referenced to the first acquisition date (20141203) of Sentinel-1 data.
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4.2 SBAS displacement velocity maps

The unwrapped differential interferograms formed in
Section 3.2 were also analyzed with the coherence-based
SBAS method and the resulting LOS subsidence rate maps are
shown in Figure 5. The coherence map of each interferogram
were used as the weighting matrix in the computation (see Eq.
6). Generally, the SBAS results in Figure 5 are very similar to the
average LOS subsidence rates obtained by the stacking method
in Figure 3. We also plotted the zoomed-in view of the average
LOS subsidence rates derived from SBAS method and their
velocity distribution histograms in the active mining areas, as
shown in Figure 6. The maximum subsidence rates and
cumulated subsidence over all the ten mines in the NECIB
were listed in Table 4. Comparing the results of Sentinel-1
and ALOS-2 data in Figure 6, we found that the Sentinel-1
data detected higher subsidence rates than the ALOS-2 data. We
believed that the maximum detectable displacement can be
improved by the short revisiting time (12 days) and regularly
temporal sampling acquisitions of the Sentinel-1 data. In
contrast to Sentinel-1 acquisitions, ALOS-2 images were

sparsely and irregularly acquired in time, leading to more
severe phase aliasing and decorrelation effects in the
interferometric pairs with longer temporal baselines. When
comparing the displacement rates between stacking and SBAS
methods from the same SAR sensor (Figures 4, 6), we observed
that the rates derived from SBAS method are generally larger
than that derived from stacking method, especially for the
Sentinel-1 results. The largest discrepancy was found at the
active mining area of Maliantai that the maximum subsidence
rate derived by SBAS method is 264 mm/year from Sentinel-1
data (Figure 6) while the stacking method largely
underestimated the subsidence with the maximum rate of
only 162 mm/year (Figure 4). This is because the stacking
method is assuming a linear behavior of the temporal
evolution of surface subsidence and simply averaging the
cumulative displacement to obtain the subsidence rates,
which does not hold for the mining-induced subsidence,
especially during the active mining period. For the
coherence-based SBAS method, the estimates of surface
motion do not assume a linear model in the analysis.
However, we found that over all the ten mines, the SBAS-

FIGURE 8
Progressively cumulated subsidence along profiles M1-M1′, M2-M2′ andM3-M3′ across the three subsidence bowls over Maliantai mine (left panel).
The locations of the three profiles can be found in Figure 7. The red points (MP1-MP3) on each map represent the locations where the maximum
cumulated subsidence resides along each profile (see the point locations in Figure 7), and the displacement time-series of each point is shown in the right
panel.
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derived rates from ALOS-2 are not always larger than the
stacking-derived rates. This is again most likely due to the
sparse sampling and irregular distribution in time domain of
the ALOS-2 acquisition.

4.3 Spatial pattern and temporal evolution of
active mining subsidence

In contrast to the stacking InSAR method, which can only
retrieve the averaged displacement rate, the SBAS method can
obtain displacement time series at each SAR acquisition date. In
this section, we show the spatial distribution and temporal
evolution of the ground displacements over the active mine of
Maliantai in NECIB (Figure 7). Subsidence over the mine of
Maliantai shows the largest rate reaching 264 mm/year in the
LOS direction from Sentinel-1 data during the time period from
December 2014 to July 2019 (Figure 6), indicating an ongoing
active mining activities in this mine. The results of the SBAS
method help to better understand the kinematics of subsidence
over the mine (Figure 7). The results show that three separate
subsidence bowls were formed in this mining concession region,

of which the southern subsidence bowl has the largest cumulated
subsidence up to 960 mm. The middle subsidence bowl also
shows a significant subsidence with a maximum cumulated
subsidence up to 785 mm. Due to the fast subsidence rates
with a large spatial gradient, significant loss of coherence can
be observed over these two mines, especially in the east side of the
subsidence center (missing coherent pixels). The subsidence bowl
in the north shows the mildest subsidence and the maximum
cumulated subsidence is 650 mm. More coherent pixels present
in this mining area because a better coherence remained.

Figure 8 provides the progression of subsidence over time
along profiles M1-M1′, M2-M2′ and M3-M3′ across the three
subsidence bowls, from the 10 Sentinel-1 acquisition dates in
Figure 7. For a complete view of the subsidence bowl along these
profiles, the decorrelated areas where InSAR pixels are absent
were interpolated using an adjustable tension continuous
curvature spline (Smith and Wessel, 2012). The maximum
measured subsidence during the study period is −600 mm
along M-M1′, −687 mm along M-M2′ and 900 mm along
M-M3′. Together with the displacement time series at points
MP1, MP2 and MP3 (the largest cumulated subsidence point on
each profile) in Figure 8, we can track the temporal evolution of

FIGURE 9
Examples of differential interferograms and the corresponding coherence maps from ALOS-2 and Sentinel-1, processed with GMTSAR. The time
interval (588 days) of the reference and repeated scene of the interferometric pair is the same for the two interferograms. The coherence map is
computed using Eq. 3.
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the mining subsidence at each mine. Three distinct phases of the
surface subsidence induced by mining extraction can be clearly
identified on the displacement time series at the location of MP1.
The subsidence is slow during the initial phase of mining
exploitation from July 2015 to July 2017, with a subsidence
rate of −37 mm/year. The subsidence becomes linear over the
mining phase during August 2017-July 2018 and the subsidence
rate increases to −378 mm/year. Lastly, the subsidence rate
decreases through the residual phase with −55 mm/year from
August 2018 to the end of our study period (10 July 2019). The
residual subsidence can last for decades after the end of the
underneath exploitation, which is connected to the visco-plastic
responses of the overburden and the compaction of caved zones.
The amplitude of the late subsidence is related to the mined
thickness (Modeste et al., 2021). Over the middle subsidence
bowls, the subsidence rate at the locations of MP2 during the
initial phase between January 2016 and October 2017 is −52 mm/
year. During the mining phase between November 2017 to the
end of our study period, the subsidence rate increases
to −343 mm/year at point MP2. The initial phase of the
mining subsidence in the south is between July 2016 and
October 2017 and the subsidence rate is −95 mm/year at point
MP3 during this period. The rate increases to −437 mm/year
during the mining phase from November 2017 to the end of our
study period. We did not see a decreasing subsidence rate at the
two locations MP2 and MP3 during our study period, indicating
that underground mining activities were ongoing in the mines.
However, we found a pattern of relative stable ground

between April 2018 and July 2018 for both MP2 and MP3,
which might be due to a stoppage stage of coal mining in this
4-month period.

5 Discussion

5.1 Comparison of differential
interferograms between Sentinel-1 and
ALOS-2

To compare subsidence obtained from Sentinle-1 and
ALOS-2 dataset, we first show examples of differential
interferograms from the two SAR sensors in Figure 9. From
this comparison we also illustrate the effects of phase aliasing
due to fast subsidence and coherence loss over the active mining
areas, which is one of the limitations of the conventional
DInSAR technique. The reference and repeated images of the
ALOS-2 and Sentinel-1 interferometric pairs have the same
acquisition dates (reference acquisition is 20151128 and
repeated acquisition is 20170708), so the phase in the two
interferograms contains the same magnitude of displacement.
Very local circular shaped fringes induced by mining subsidence
were clearly identified in the ALOS-2 interferogram (Figure 9A).
The locations of these fringes correspond with the locations of
coal mining areas, indicating a clear relationship between the
mining activities and measured displacement. Most of mining-
induced fringes cannot be identified from the Sentinel-1

FIGURE 10
Zoomed-in view of differential interferograms and coherence maps of ALOS-2 and Sentinel-1 data over Meihuajing mine in the NECIB. A common
reference image for these interferograms is set to 20151128 for both ALOS-2 and Sentinel-1 data. The repeated acquisition dates for each interferogram
are marked on each map. The average coherence for each interferogram is indicated in the figure.
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interferogram (Figure 9C) because the C-band data is more
vulnerable to large gradient deformation. Coherence loss
(Figures 9B–D) can be observed for both the two
interferograms due to the long-time interval (588 days)
between the reference and the repeated acquisition. The
coherence loss increased over the active mining areas due to
the large gradient deformation, causing the surface scattering
characteristics change significantly between the two acquisition
dates. Obviously, the L-band ALOS-2 interferogram generally
remains better coherence than the C-band Sentinel-1
interferogram. Significant atmospheric artifacts were also
found in the top left corner of Figure 9C which even

obfuscates the deformation fringes in the Sentinel-1
interferogram.

We further show the enlargement of interferograms from
ALOS-2 and Sentinel-1 data over one of the active mining areas
in the NECIB (Figure 10). This mining area is located in the
Meihuajing coal mine. Phase fringes due to mining subsidence
can be identified by both L-band and C-band DInSAR
interferograms, but in the areas with the largest subsidence
magnitude, the fringes are difficult to interpret due to phase
decorrelation and phase aliasing effects. Therefore, precise
estimation of the maximum subsidence magnitude is not
attempted, but in many of the interferograms the subsidence

FIGURE 11
The progressive accumulation LOS subsidence over Meihuajing mining area acquired from Sentinel-1 data. For comparison, we only showed the
14 Sentinel-1 acquisition dates closest to ALOS-2 acquisition dates. The black lines on 20190710 (A-A′ and B-B′) are the profiles across the mining
subsidence basin, which are shown in Figure 13. Thewhite points (MH1 andMH2) on 20190710marks the location of the displacement time-series shown
in Figure 13.
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magnitudes can be reasonably estimated. We can observe a clear
increasing number of fringes in the ALOS-2 data with the increase of
subsidence magnitude, even on the 20170708 interferogram with a
time separation of 588 days. However, the fringes became totally
blurred on the last Sentinel-1 interferogram. These phenomena
highlight a major limitation of the traditional DInSAR technique,
which is not suitable to precisely measure large deformation with
significant spatial gradients, because the phase aliasing effects
prevent reliable unwrapping. The overall phase quality is low; for
ALOS-2 data, the average coherence ranges from a high of 0.34 for

the first interferogram (224 days interval) to a low of 0.22 for the last
interferogram (588 days interval). For the C-band data of Sentinel-1,
although the time gaps between interferometric pairs are shorter
than the ALOS-2 data, the coherence loss is much more significant
than the L-band data of ALOS-2; the average coherence ranges from
a high of 0.23 for the first interferogram (only 24 days interval) to a
low of 0.09 for the last interferogram (588 days interval). Except
changes in the surface characteristics, very large deformation
gradients can cause coherence loss, which can be seen in the
mining subsidence center. The effectiveness of DInSAR for

FIGURE 12
The progressive accumulation LOS subsidence over Meihuajing mining area from ALOS-2 data. The black lines on 20190706 (A-A′ and B-B′) are the
profiles across the mining subsidence basin, which are shown in Figure 13. The white points (MH1 and MH2) on 20190706 marks the location of the
displacement time-series shown in Figure 13.
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quantifying displacement is dependent on the radar wavelength.
Generally, subsidence magnitudes are measurable in the ALOS-2
data with L radar band, the Sentinel-1 data with C radar band are
more affected by temporal decorrelation and phase aliasing effects,
and precisely measuring the subsidence magnitudes using C-band
data is more difficult.

5.2 Comparison of cumulated subsidence
between Sentinel-1 and ALOS-2

In this section, we compare the cumulated subsidence
between Sentinel-1 and ALOS-2 data derived by coherence-
based SBAS method to further demonstrate the InSAR
capability in resolving the large gradient deformation over the
active mining areas. In Figures 11, 12, we show the spatial and
temporal evolution of subsidence from Sentinel-1 and ALOS-2
data, respectively, over Meihuajing coal mine in the NECIB.
Longwall advance is from northeast to southwest. In the
figure, we only displayed the cumulated subsidence on the
14 acquisition dates from Sentinel-1 closest to ALOS-2
acquisition dates in order to compare their results. The
cumulated subsidence maps from ALOS-2 and Sentinel-1 data
were temporally referenced to a common acquisition date—the
first acquisition date on 29 November 2014.

Generally, from Figures 11, 12, we observed very similar spatial
extent andmagnitude of the cumulated subsidence between Sentinel-
1 and ALOS-2 results, although the acquisition dates of the two

datasets were not exactly the same. In Figure 13, we further show the
cumulated subsidence along two profiles (A-A′ and B-B’) on three
same acquisition dates (20151128, 20170708 and 20190511) for both
Sentinel-1 andALOS-2 data. And the displacement time-series at two
points (MH1 and MH2) over this mine are also plotted in Figure 13.
Although the general displacement patterns were consistent along
the two profiles, discrepancies between the two SAR sensors can be
found, especially during active mining phases (on 20170708 and
20190511) with large spatial displacement gradients, where ALOS-2
could extract a larger magnitude of subsidence than Sentinel-1. From
the displacement time-series at MP1 and MP2 in Figure 13, we
observed that the subsidence evolution from Sentinel-1 is much
smoother than that of ALOS-2. We clearly observed two accelerating
patterns in the time series at both MH1 andMH2. From the ALOS-2
displacement time series at MH1, we identified the first accelerating
phase was between July 2016 and January 2017 and the second was
between July 2018 and November 2018, but Sentinel-1 results did not
show the accelerating pattern during the first phase. The subsidence
magnitude derived from Sentinel-1 is much smaller than that from
ALOS-2. It is probably due to the unreliable unwrapping on those
interferograms with large displacement gradient during the active
mining phase. At MH2, the first accelerating phase was between
January 2017 andAugust 2017 and the second accelerating phase was
between March 2019 and July 2019, both the two results can clearly
identify the two accelerating patterns. However, the subsidence
magnitude from ALOS-2 is slightly less than that of Sentinel-1.
From the displacement time-series plots, we can conclude that
the Sentinel-1 acquisition periods are shorter than ALOS-2

FIGURE 13
Progressively cumulated LOS displacement along profiles A-A′ and B-B′ over Meihuajing mining area from Sentinel-1 and ALOS-2 data
(left panel). The LOS displacement time-series at point MP1 and MP2 (right panel). Refer to Figures 11, 12 for the locations of the profiles and
points.
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acquisition periods, the Sentinel-1 data provide a more timely
report of the subsidence development.

5.3 Comparison of subsidence between
InSAR and GPS

In this section, we compare InSAR displacement time series
with that of GPS to validate the accuracy of InSAR-derived
subsidence. A total of 18 continuous GPS monitoring stations
located in five mining areas (Renjiazhuang, Maliantai, Lingxin,
Yangchangwan and Meihuajing mines) are available for the
comparison (Table 3). The locations of GPS stations are

superimposed on the subsidence rate maps, as shown in
Figure 14. The comparison of displacement time series
between these two techniques is shown in Figure 15. GPS can
only obtain displacement at sparse discrete points. To match the
InSAR pixels and the continuous GPS stations, we averaged
InSAR pixels within a circular area with a radius of 50 m
centered on the GPS station for the comparison. The 3D NEU
displacement resulting from GPS analysis were first projected
into the InSAR LOS direction as:

dLOS � sin θ sin α −sin θ cos α cos θ[ ]
dN

dE

dU

⎡⎢⎢⎢⎢⎢⎣ ⎤⎥⎥⎥⎥⎥⎦ (8)

FIGURE 14
The available continuous GPS stations (white circles) overlay on the subsidence rate maps over five mines: Renjiazhuang (RJZ-1, RJZ-2, RJZ-3 and
RJZ-4), Maliantai (MLT-1, MLT-2 andMLT-3), Lingxin (LX-1, LX-2 and LX-3), Yangchangwan (YCW-1, YCW-2, YCW-3 and YCW-4) andMeihuajing (MHJ-1,
MHJ-2, MHJ-3 and MHJ-4). No ALOS-2 data coverage over Renjiazhuang and Maliantai mines.
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where α is the heading angle of the SAR satellite (the satellite’s
orbit angle relative to true north), θ is the incidence angle of the
radar wave.

In Figure 15, over the Renjiazhuang mine, a very good
agreement between the observations between InSAR and GPS
can be found at RJZ-1 station (Figure 15A) because the ground
at this location was stable during the InSAR time period. This area
had an abrupt subsidence in November 2019 as observed from the
GPS measurements. We observed a good agreement between the
observations between InSAR and GPS at RJZ-1, RJZ-2 and RJZ-4.
A good agreement between these two techniques was also found at
RJZ-2 station (Figure 15B) because the displacement is not
significant in terms of mining subsidence. However, we found
an abrupt change between November 2014 and May 2015 from
GPS observations at RJZ-3 and RJZ-4 stations (Figures 15C, D)
where InSAR measurements cannot capture such large
displacement gradient due to phase aliasing effects. These
phenomena can also be found at GPS stations over
Yangchangwan and Meihuajing mines (Figures 15K–R).

Generally, good agreements between InSAR and GPS can be
observed if the displacements are continuous. We further show
the scatter plot between InSAR and GPS subsidence measurements
in Figure 16. For Sentinel-1 data, the average RMSE between
InSAR and GPS measurements is 28.4 mm, and for each mine
the RMSE is 24.1, 22.9, 15.3, 20.1, 59.5 mm over Renjiazhuang,
Maliantai, Lingxin, Yangchangwan, and Meihuajing mine,
respectively. For ALOS-2 data, the average RMSE between
InSAR and GPS measurements is 21 mm, and for each mine
the RMSE is 21.6, 15.8, 25.6 mm at Lingxin, Yangchangwan,
and Meihuajing mine, respectively. When comparing the
Sentinel-1 and ALOS-2 data over Lingxin mine (Figures
15H–J), a high consistency among Sentinel-1, ALOS-2 and GPS
measurements was observed because the stations located in areas
experiencing mild deformation. However, at YCW-3
(Figure 15M), MHJ-3 (Figure 15Q) and MHJ-4 (Figure 15R),
the ALOS-2 data are closer to the GPS measurements because
the significant deformation over these stations that ALOS-2 data
has a better performance at capturing rapid subsidence.

FIGURE 15
Comparison between InSAR- and GPS-derived subsidence time series at five coal mines (A–D) Renjiazhuang (RJZ-1, RJZ-2, RJZ-3 and RJZ-4)
(E–G) Maliantai (MLT-1, MLT-2, and MLT-3) (H–J) Lingxin (LX-1, LX-2 and LX-3) (K–N) Yangchangwan (YCW-1, YCW-2, YCW-3 and YCW-4) (O–R)
Meihuajing (MHJ-1, MHJ-2, MHJ-3 and MHJ-4). The blue dots indicate GPS observation, the orange dots represent the Sentinel-1 observations, and red
dots are ALOS-2 measurements. No ALOS-2 data coverage over Renjiazhuang and Maliantai mines.
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6 Conclusion

Differential Synthetic Aperture Radar Interferometry has been
used to detect and monitor fast mining-induced subsidence over
Ningdong coal base area located in northwestern China. A total of
15 L-band SAR images from ALOS-2 satellite and 102 C-band
images from Sentinel-1 satellite spanning between November
2014 and July 2019 have been processed using both stacking and
SBAS time series analysis techniques. At a regional scale over a
3,484 km2 area of the coal base, InSAR-derived subsidence maps
have been compared with the boundary of tenmining concessions to
identify those mining areas generating significant subsidence and to
delimit the extent of the area affected by mining subsidence. At a
local scale in all the active coal mines, the spatial and temporal
evolution of subsidence were obtained to track the subsidence
dynamics and determine the characteristic surface response to
longwall advance. The most significant subsidence in the study
region was found at Maliantai mine with −264 mm/year detected
by SBAS method from Sentinel-1 data.

The effectiveness of DInSAR for estimating mining subsidence is
dependent on the radar wavelength. Compared to C-band, L-band
SAR are less affected by phase aliasing due to large deformation

gradients and by temporal decorrelation due to changes in surface
scattering characteristics over time. With a shorter imaging period
(12 days), the Sentinel-1 data improve the capability in quantifying
the fast mining subsidence and provide a more timely report of the
subsidence extent.

We validated the InSAR displacement time-series by comparing
both ALOS-2 and Sentinel-1 results with 18 continuous GPS stations
above five active mining regions in this coal base. When comparing
the displacement time series between InSAR and GPS, we found that
InSAR time series method cannot capture the abrupt mining
subsidence with large displacement gradient due to phase aliasing
effects. The GPS measurements with a high sampling rate in time
can properly observe such abrupt change. We can combine these
two techniques to obtain the full three-dimensional, large
displacements due to mining activities in this coal base area.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary Material, further inquiries can be directed
to the corresponding author.

FIGURE 16
The scatter plot between GNSS- and InSAR-derived subsidence.
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