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Abstract
This study presents the r.landslide tool, an open source add-on to the open source 

Geographic Information System (GIS) GRASS software for landslide susceptibility 
mapping.�The�tool�was�written�in�Python�language�and�works�on�the�top�of�an�Arti򟿿cial�
Neural Network (ANN) fed with environmental parameters and landslide databases, 
such� as:�DTM,�NDVI,�Aspect,�Geology,�Faults,�Plan�Curvature,�Pro򟿿le�Curvature,�
Rivers, Roads, Slope, No Landslide Zones (NLZ). In order to illustrate the application 
and� eৼectiveness� of� the� developed� tool,� a� case� study� is� presented� for� the� Van� Yen�
district, Yen Bai province, Vietnam. The resulted map with four landslide susceptibility 
classes: Low, moderate, high and very high susceptibility for landslide, which are 
derived based on the correspondence with landslide inventory. The map indicates that 
about�42�%�of�the�area�is�very�high�and�highly�susceptible�for�landslide.�The�landslide�
susceptibility map can be useful for the decision - makers and planners in choosing 
suitable locations for the long - term development.
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1. Introduction
Landslide is soil or rock mass 

movement, or a mixture of both, down and 
out of the slope. The natural properties of 
slope� stability� inÀuence� its� susceptibility.�
Recently� year,� Vietnam� is� inÀuenced� by�
climate change and human activities such 
excavation of slopes for road cuts or such 
deforestation, which are one of the causes 
contributed to landslide happening [1]. 
Especially, the Northwest mountainous 
regions of Vietnam with various strong 
dissections by tectonics, the areas are 

heavily�a򯿿ected�by�landslide�phenomenon�
[2]. Frequency and magnitude of landslides 
in this region have been increased, not only 
causing losses and damages to people, 
also damaging enormous properties in 
terms of both direct and indirect costs [3, 
4]. Landslide susceptibility mapping is 
an urgent task for the government for the 
mountainous regions [1], including Yen 
Bai�province,�to�¿nd�proper�and�e򯿿ective�
strategies in land use planning and 
management,�also�forecasting�and�¿nding�
measures to mitigate subsequent losses to 
future landslides [3, 4]. 
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Research on the assessment and 
prediction of landslide susceptibility 
uses a variety of methods depending 
on the size of the study area. For 
example: The heuristic method applies 
geomorphological mapping to large - 
scale areas based on experts’ judgment of 
variables such as slopes, faults and geology 
[5]. The deterministic method applies 
to the small - scale area by analyzing 
the geotechnical stability condition of 
parameters. A statistical approach is a new 
approach to mapping landslide hazards 
by combining the possibility of landslides 
from statistical data and the physical 
parameters of landslides. This approach is 
appropriate for assessing landslides in a 
medium - scale area which helps inform 
the regional spatial planning [6, 7]. 
Research on landslides has been widely 
applied using a method or comparing 
them [8 - 12]. 

Open-source Geographic Information 
System (GIS) software can process 
statistical models [13]. One of them is R 
program, which has cutting - edge spatial 
packages to behave as a fully featured GIS 
[14]. Several advantages of the utilization 
of R language for spatial analysis such 
as its command line interfaces allow 
a� rapid� description� of� workÀow� and�
reproducibility, has sophisticated and 
customizable graphics and have an 
extensive range of functions through an 
additional package, integrated processing, 
analysis and modeling framework. R 
statistics has a wide range of functions 
and libraries that allow using all statistical 
tools with advanced visualization 
capabilities [15]. The recent updates of 
the libraries attached to R environment 
made the output and result very handy and 
without the need to change the working 
environment or data format, which will 

reduce the uncertainty of switching back 
and�forth�between�di򯿿erent�geospatial�and�
statistical analysis platforms [12]. Some 
studies have analyzed land susceptibility 
using R Program [16 - 18]. This study 
uses R program to control landslides and 
generate a landslides susceptibility map 
in Van Yen district, Yen Bai province.

2. Study area

2.1. Geographical location
The study area is Mo Vang commune 

in Van Yen district (Figure 1) (Van Yen 
is a mountainous district in the north of 
Yen Bai province, Vietnam), between 
the latitude 21º50’30”N and 22º12’N 
and between longitude 104º23’E and 
104º48’E. The region happens landslide 
phenomena, losing properties and 
damaging constructions each year.

Figure 1: The study area map
2.2. Topography, hydrology and 

climate
Van Yen’s topography is relatively 

complex, with many hills and mountains. 
The terrain gradually rises from the 
Southeast�to�the�Northwest.�The�di򯿿erence�
in topography between regions in the 
district is very large, with the highest 
peak at 1.952 m, the lowest place being 
20 m above sea level.
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The river system is dense with 
di򯿿erent� terrain� types:� Craggy� high�
mountains, rolling hills, alternating with 
valleys� and� narrow� alluvial� ¿elds� along�
the river.

Van Yen district is located in a hot 
and humid tropical climate, combined 
with divided terrain to form two climate 
sub - regions:

- Northern region (from Trai Hut to 
the North): Average elevation is 500 m 
above sea level. The average temperature 
is 21 - 23 ºC. Average rainfall is 1.800 
mm/year. Humidity is often 80 - 85 %, 
this�area�is�a򯿿ected�by�Lao�wind;

- Southern mountainous region (from 
Trai�Thu�to�the�South):�InÀuenced�by�the�
northeast monsoon, with heavy rainfall, 
average 1.800 - 2.000 mm/year, average 
temperature 23 - 24 ºC, air humidity 81 
to 86 %.

2.3. Population

The average population as of 2019 
is 129.059 people. Of which, 61.981 
men, accounting for 50,37 %; Female 
61.075 people, accounting for 49,63 %. 
The population in urban areas accounts 
for 10,26 %; rural areas accounted for 
89,76 %. The natural population growth 
rate is 15,12 %, the average population 
density is 88,5 people/km2. The whole 
district has 12 ethnic groups: Kinh 
ethnic group (52,86 %), Tay ethnic group  
(15,58 %), Dao ethnic group (25,4 %), 
H’mong ethnic group (4,43 %), other 
ethnic groups (1.73 %).

3. Data and methodology
An� arti¿cial� neural� network� (ANN)�

is a set of interconnected nodes useful 
for modeling problems with a complex 

relationship between analysis factors [23]. 
Its central processing unit is the neuron, 
which performs mathematical procedures 
to generate a result based on a set of input 
variables [24]. The application of an ANN 
in landslide susceptibility analysis is ideal 
because this phenomenon is dynamic and 
nonlinear [25]. The ANN architecture 
consists of a set of inputs (conditioning 
factors), a set of intermediate layers 
(hidden layers) that perform the 
processing and an output layer [24] with 
the prediction result (Figure 2). 

Figure 2: The structure of ANN

ANN implementation in this research 
was performed using the R program 
in QGIS which was written by Python 
language.

In QGIS, adding a script is simple. 
The easiest way is to open the Processing 
toolbox and choose Create new R script 
from the R menu (labelled with an R icon) 
at the top of the Processing Toolbox. 
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Figure 3: Flow chart of the research

Figure 4: Clip DEM by case study area mask

 Collected data in raster format 
(DTM, NDVI, Aspect, Geology, Faults, 
Plan�Curvature,�Pro¿le�Curvature,�Rivers,�
Roads, Slope) and vector format (study 
area boundary layer, landslide inventory 
layer). Clip all raster layers using as a 
mask the vector layer of the group’s sub 
- area (Figure 4 and Figure 5).

Causative factors for landslide 
susceptibility mapping in a certain study 
area should be selected carefully based 
on relevance, availability, and scale of 
mapping [19, 20]. Based on previous 

studies in the same area [21, 22], 
thereby determining the correlation and 
contribution of factors in the occurrence 
of landslides, therefore, 10 factors 
considered for landslide susceptibility 
mapping. Figure 3 describes causative 
factors which were selected: DTM, 
NDVI, Aspect, Geology, Faults, Plan 
Curvature,� Pro¿le� Curvature,� Rivers,�
Roads, Slope as input data. Rasters must 
have with equal resolution and extension 
of the clipped DTM. 
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1. DTM 2. NDVI 3. Aspect 4. Geology

5. Faults 6.�Plan�Curvature 7.�Pro򟿿le�Curvature 8. Rivers

9. Roads 10. Slope
Figure 5: The causative factors for landslide susceptibility mapping

Clip the landslide inventory layer using as a mask the vector layer of the group’s 
sub - area (Figure 6).

Figure�6:�Extraction�of�landslide�inventory�points�in�the�study�area
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� De¿ne� areas�with� low�possibility�
of landslides according to the Slope 
angle. We assume No Landslide Zones 
(NLZ) are where the Slope is < 20° or 
> 70° (Figure 7a). After that, vectorize 

the resulted raster (use the raster values 
as categories) to obtain the polygons of 
NLZ (Figure 7b). Thus, the landslide 
susceptibility areas will not appear in the 
NLZ.

a)�NLZ:�The�Slope�is�<20°�or�>70° b)�Vectorize�the�resulted�raster�to�vector
Figure�7:�No�Landslide�Zones�(NLZ)

Create�new�¿eld�‘Hazard’�in�both�of�
the attribute table (landslide inventory 
points and NLZ polygons). Where, 0 is 
assigned to the NLZ and 1 to the landslide 
inventory. Perform a Union operation on 
the Landslide Inventory polygons. Decide 
a training - testing ratio that was used for 
machine learning model.

After selecting the percentage of 
polygons for training/testing accordingly 
for both Landslide Inventory and NLZ. 
Create�new�text�attribute�‘Train_Test’�and�
assign� the� value� ‘Training’� or� ‘Testing’�

according to the select polygons. Create 
40 random points inside the polygons 
since the landslide inventory is a point 
layer, we have to create the same number 
of points that represent the NLZ. That 
means we use 70/30 training/testing 
ration we will need to have 56 training 
points and 24 testing. 

Using Select Features by Value 
and select according to the ‘Hazard’ 
and� ‘Train_Test’� ¿eld� to� to� assign� the�
corresponding value (Figure 8).

a)�NLZ�polygons b)�Landslide�inventory
Figure 8: Attribute tables of NLZ polygons and Landslide inventory
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 Merge separately the training and testing layers into two point layers training 
points and testing points. Sample the environmental factors with the training and 
testing point layers. At the end, we have two layers trainingPointsSampled and 
testingPointsSampled with following attribute tables:

a)�TrainingPointSampled b)�TestingPointSampled
Figure 9: Attribute tables of two layers trainingPointsSampled and testingPointsSampled

4. Result and discussions

After running the r.landslide tool, the 
result is a landslide susceptibility layer 
(Figure 10). 

Figure�10:�The�򟿿rst�landslide�susceptibility�
layer

Reclassify the susceptibility raster 
map using 4 classes such as: [0, 0.25) = 
low; [0.25, 0.5) = moderate; [0.5, 0.75) = 
high; [0.75, 1] = very high (Figure 12b). 

Use the QGIS tool Raster->Raster 
Calculator along with this expression:

(“򟿿rstlandslide�susceptibility�layer”�<�
0.25)*�1�+�((“򟿿rst�landslide�susceptibility�
layer”� >=� 0.25)� AND� (“򟿿rst� landslide�
susceptibility� layer”�<�0.5))�*2�+�((“򟿿rst�
landslide susceptibility layer”>= 0.5) 
AND�(“򟿿rst�landslide�susceptibility�layer”�
<�0.75))*3�+�(“򟿿rst�landslide�susceptibility�
layer” >=0.75)* 4

Figure 11: The second landslide 
susceptibility�layer�after�reclassi򟿿cation�

with resolution: 12.5 m
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Validation� of� the� e൶ciency� of�
the GIS and R program on producing 
landslide susceptibility maps was done 
using Accuracy Assessment tool (which 
is also written in Python language).

Reclassify� the� ¿rst� landslide�
susceptibility layer into two classes 
(0 and 1): [0,0.5) = 0 and [0.5,1) = 1. 
The� reclassi¿ed� raster� is� used� only� for�
the validation purpose. In QGIS, use 
Processing => Scripts => Accuracy 
Assessment and Sampling� and� 򟿿rst�
landslide susceptibility layer and 
testingPointsSampled.gpkg, where 
reference data column is Hazard. 

Table 1 shows that landslide 
sensitivity�classi¿cation�accuracy�reaches�

75�%.�The� accuracy�of� the�classi¿cation�
results is average, which can be useful to 
decision makers and planners in choosing 
the right site for long - term development.

Table 1. Error matrix

Use the QGIS Processing tool 
Processing => Raster Analysis => Raster 
layer zonal statistics to compute the 
population counts in each susceptibility 
class. The percentage of population per 
each susceptibility class was showed by a 
pie chart (Table 2).

Table 2. Landslide susceptibility Zonal Statistic

Figure 12: Landslide susceptibility statistic chart
The study applied GIS and the R 

program of QGIS to process input information 
layers, created necessary data layers for the 
purpose of calculating and statistic the extent 
of landslides in the Mo Vang area, Van Yen 
district, Yen Bai province, Vietnam. Research 
results show that landslide with very high 
risk is 23 %, high is 19 %, medium is 7 % 
and low is 51 %.

R is an open - source program 
widely used because it can integrate data, 
analysis, and graphs in a single narrative. 
We use this program to model landslide 
susceptibility algorithm using the ANN 
method and apply it to a region. The result 
of� this�model� is� no� di򯿿erent� from� using�
ArcGIS software. 
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However, creating a landslides 
susceptibility algorithm in R model has 
an advantage in that other researchers can 
reinterpret and reevaluate the program 
by modifying its syntax and codes to get 
a more comprehensive and appropriate 
model�applying�in�a�speci¿c�region.
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