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Abstract

In this paper a rainfall threshold and a Bayesian probability model are pre-
sented for the landslide occurrence of shallow landslides in Ha Giang city and
the surroundings, Vietnam. The model requires the data on daily rainfall
combined with the actual dates of landslide occurrences. Careful study on the
database is a prerequisite for the paper. For this reason, selecting the input
data was carried out carefully to ensure the reliable results of the study. The
daily rainfall data covering a time span of 57 years was collected from a
unique rain gauge station of National Centre for Hydro-meteorological Fore-
casting of Vietnam (from 1957 to 2013) and a landslide database with some
landslides (37 of total of 245 landslides) that containing dates of occurrence,
was prepared from historical records for the period 1989 to 2013. Rainfall
thresholds were generated for the study area based on the relationship be-
tween daily and antecedent rainfall of the landslide events. The results shows
that 3-day antecedent rainfall (with the rainfall threshold was established: R =
40.8 — 0.201R;,,) gives the best fit for the existing landslides in the landslide
database. The Bayesian probability model for one-dimensional case was estab-
lished based on 26 landslides for the period 1989 to 2009, daily rainfall data
with the same time and the values of probability varies from 0.03 to 0.44.
Next, the Bayesian probability model for two-dimensional case was generated
based on 11 landslides, rainfall intensity and duration in three months (May,
June and July) of 2013 and the values of probability ranges from 0.08 to 0.67,
and computed values of conditional landslide probability AA|B) from
two-dimensional case of Bayesian approach are clearly controlled by rainfall
intensity > 40 mm with rainfall duration > 0.3 day.
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1. Introduction

Landslide occurs every where on over the world, especially in the small and me-
dium river basin, along traffic road, mountain foot area in the mountainous
areas in the countries under the influence of climate and storms.

Landslide studies have been carried out from very long time ago until now.
The main objectives of these researches are to understand, manage, monitor,
control, prevent and mitigate the huge impacts of this natural phenomenon to
human’s life, socio-economic development, cultural infrastructure, environ-
mental degradation...

To fulfill these objectives a lot of scientific articles related to this field were
published. One of the most important landslide causative factors is rainfall data
which are supposed as a triggering factor of landslide. The early studies about
the rainfall intensities and duration associated with shallow landslides and debris
flows were carried out by Caine [1]. He and some scientists who published their
previous studies supposed that the effect of rainfall in producing shallow (less
than 2 or 3 meters deep) landslide and debris flow activity is an obvious one,
though one that is difficult to define precisely. This difficulty arises because
rainfall only influences slope stability indirectly, through its effect on pore water
conditions in the slope material and because its influence requires an interaction
with other characteristics of the waste mantle.

Extreme rainfall conditions, when intensities remain high for long periods of
time, must be accurately examined. In this case, any soil could become unstable.
Hence, a better knowledge of the expected rainfall intensity and duration is fun-
damental for understanding the relationship with soil failure initiation and to
establish different warning thresholds [2]. Prediction of landslide occurrence is
not only a fundamental goal of hazard management but also a test of how well
the process is understood. Forewarning of landslides may be provided in differ-
ent ways. By far the most common approach is the recognition of landslide sus-
ceptibility from a spatial perspective [3].

Since the studies of Caine [1], information on the rainfall intensity-duration
(ID) conditions that have resulted in slope failures was collected at various sites
or regions worldwide, and different rainfall ID thresholds were proposed at the
local, regional, and global scales (for reviews of the published thresholds and of
the rationale for establishing and using rainfall thresholds see, e.g. [4] [5] [6]
[7]). Rainfall-induced landslides often cause considerable damage to society. To
analyze the primary causes of landslides, it is necessary to understand the rela-
tion between rainfall and the initiation of landslides [6] [7] [8]. Therefore, many
studies have developed rainfall thresholds for landslide initiation using an em-
pirical model or a physical (process-based) model [1] [3] [4] [6] [7] [8] [9]. The
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empirical thresholds refer to statistical analysis of the relation between rainfall
and landslide occurrence [1] [6] [7].

Empirical methods for temporal probability assessment are based on the esti-
mation of rainfall thresholds obtained by studying rainfall conditions that have
resulted in landslides. They are usually contained in envelope curves based on
variables such as cumulative rainfall, antecedent rainfall, rainfall intensity, and
rainfall duration [1] [2] [3] [4] [5] [9]-[19]. The most commonly used empirical
model is based on the rainfall intensity and duration. This threshold model re-
quires data with high quality and temporal resolution (at least hourly rainfall
data), which are not frequently available. Other models based on antecedent
rainfall work with daily rainfall data, which are relatively simple and inexpensive
to measure over large areas [11].

Recent studies introduced improvements using statistical methods for a more
precise constrain of the ID threshold. This is the case of Bayesian inference me-
thod (e.g. [6] [20] [21] and the quantile regression [8]). Moreover, few attempts
have been carried out to estimate temporal probability of slope failure [11] [22].

In this paper, we propose a rainfall threshold for landslide initiation was esti-
mated based on the relationship between the rainfall events and the historical
landslide records. Then, the rainfall threshold was validated using the landslide
events in 2000, 2007, 2008 and 2013. The method requires complete information
on landslides including the dates of occurrence in order to correlate them with
rainfall. Besides this method, Bayesian approach will be apply to estimate the
probability of landsliding conditional to characteristics of rainfall events. The
applications of these methods are based on the quality of landslide information
(timing and location). So we used a data set consisting of 37 events that occurred
between 1989 and 2013 from a database of 245 landslides occurred in the study
area. Daily rainfall data were provided by a unique rain gauge station in the
study area and collected rainfall data from 1957 to 2013.

This method is applied to assess landslide currently induced by rainfall in the
Ha Giang city and the surroundings, one of the most high risk potential of
landslide hazard in mountainous area of Vietnam as well as showing the level of
the probability of landslide occurrence in the region. This study area was se-
lected because of the availability of historical landslide records including the
dates of occurrence of the landslides, and daily rainfall records from a rain gauge

station.

2. Study Area

Ha Giang city and the surroundings are located in Ha Giang, one of the north-
ern mountainous provinces in Vietnam (Figure 1). It covers an area of about
779 km’ between longitudes 104°52'E and 105°18'E and latitudes 22°34'N and
22°56'N. The elevation in the region ranges from 68 to 2000 m above sea level
and the mountainous region is strongly dissected and steep. It includes high
mountains in the north, south and west but the distribution is not equability and

the altitude is gradually decreases to the middle of the region. Moreover, the
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Figure 1. Location map of the study area.

karstic area is also representative of the north part of study area. Beside the
drawback of terrain, here is also a tectonically active area with the complex of
fracture zones, faults system and other important feature is dense drainage net-
work with river and streams that landslides occur frequently as one of the most
common natural disasters.

Geologically, the area comprises of limestone, sandstone, silty sandstone,
black clay shale, quartz-biotite schist, sericite-chlorit schist, mica schist, green
schist, and some kind of rock with small distribution such as: porphyritic biotite
granite, granosyenite, olivine gabbro, gabbro diabase, conga diabase... The ages
of rocks vary from Proterozoic to Trias. The bedrock of this study area is wea-
thered strongly, the average thickness of weathered layer is 3 - 5 meters, and the
most thickness layer is 20 meters as observed in the cut slopes along the trans-
portation road in the region.

The contact between bedrock and weathering soils is often exposed in the cuts
slopes, which make them more susceptible to landslides due to the build-up of
pore pressure on the contact [10] [11]. Moreover, weathering alters the mechan-
ical, mineralogic and hydrologic attributes of the regolith, and, hence, is an im-
portant factor of slope instability in many settings [23].

The land use of the study area comprises of forest land, barren land and
non-forest rocky mountain, agricultural land, residential areas, bush and grass
areas and water surface.

The study area is situated in the monsoonal region, with four seasons. The
coldest month is January and the hottest month is June with average tempera-
ture of 14°C and 27°C, respectively. Seasons in the region can be classified as
rainy and dry. Rainfall is main occurs in rainy season. According to the National

Centre for Hydro-meteorological Forecasting of Vietnam recorded from 1957 to
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2013, the average annual rainfall of this area ranging from 2500 to 3300 mm/year
where 90% of the total rainfall occurs in the summer (from May to October
every year). Moreover, the frequency and intensity of the rainfall are concen-
trated over a short period that triggers most of the disastrous hazards in the

study area.

2.1. Landslide Database

Landslide database was collected from historical records of the previous projects.
This data is based on landslide inventory from several projects such as: 1) “In-
vestigation and assessment of the types of geological hazard in the territory of
Vietnam and recommendation of remedial measures”. Phase II: A study of the
northern mountainous province of Vietnam [24]; 2) “The report of investigation
of natural hazards in the northwest of Vietnam” [25]; 3) “Status geo-hazards as-
sessment in four mountainous provinces in North of Vietnam: Ha Giang, Tuyen
Quang, Cao Bang, Bac Kan. Defining sources, prediction and propose preventive
measures and consequences mitigation” [26]; 4) “The State-Funded Landslide
Project” is a national program to systematically assess landslide susceptibility,
hazard and risk for all of prone areas in Vietnam. The first phase of the project
(2012-2014) some activities of landslide inventory mapping were implemented
over the fourteen Northern mountainous provinces [27].

In the study area numerous landslides normally occur in the period from May
to October. However, almost of landslide points which were collected from field
work of previous projects are lacked of exactly dates of landslide occurrence.
Some difficulties was mentioned by Hung [27] such as: few or no sources of his-
toric information due to the isolated sites or little memory of small or medium
size events; no updates developed by the surveyors after they finished their tasks.
These problems caused a lot of difficulties when using landslide database for
analyzing the relationship between rainfall evens in the past with historical
landslide records. Figure 2 shows the landslide distribution in Ha Giang city and
the surroundings. This landslide inventory map was established based on the
landslide database collected from the projects was mention above. The total of
landslides in the study area are 245 points, landslides are mostly shallow rota-
tional slides with 107 points, the next type of movement is complex slides with
70 points, the shallow translational debris slides with 53 points, debris flows with
9 sites and finally is topple with 6 sites. The minimum size of landslides is 40 m’
and the maximum size is 9450 m’ and median = 134 m’ and the total of volume
of landslides is approximately 150.000 m® but this type of natural disaster have
been increasingly severe in term of magnitude, frequency and volatility, causing
vast losses in human life, property, socio-economic and cultural infrastructure as
well as environmental degradation. As a mention above, most of the landslides
are undefined landslides it means that the surveyor could not collected the ex-
actly date of landslide initiation. Fortunately, from historical landslide records
we had list of 37 landslide events that knew exactly when landslide occurred. In-
side, 26 landslide-triggering events occurred from 1989 to 2009 and the
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Figure 2. Map showing location of landslides, rain gauges and
the drainage system of the study area.

remaining 11 events occurred in 2013. Most of landslides occurred in July with
20 events, the next is in June with 10 events, both of May and August are having
the same times with 3 events, and then in September with 1 events. Analysis of
the landslide inventories shows that most of the slope failures in the study area
were caused by rainfall infiltration into the soil causing an increase in soil

pore-water pressure [24] [26].

2.2. Rainfall Database

For the study area, daily rainfall data were collected from a unique rain gauge
belonging to the National Centre for Hydro-meteorological Forecasting of Viet-
nam from the period of time 1957 to 2013. The location of this rain gauge is
shown in Figure 2 and some features of rainfall data is shown in Figure 3.

The total of yearly rainfall of study area was from 1957 to 2013 ranging from
2500 to 3300. The study of daily rainfall records reveals that the area experiences
rainfall in two periods: rainy season, that the rainfall is always concentrate in
May to October and the common highest month of rainfall is often July and dry
season from November to April. The lowest recorded annual rainfall is 1465 mm
and the highest is 3305 mm (Figure 3(a)). The minimum of total number of
days with recorded rainfall is 153 days and the maximum of it is 209 days
(Figure 3(d)). The maximum daily rainfall during in rainy season varies from
67.6 mm to 256.2 mm (Figure 3(b)). During 57 years (from 1957 to 2013) the
most common month that occurred maximum daily rainfall most frequently is
July with 20 times, the second is August with 15 times, the third is June with 12
times, May with 7 times and September, October and December is the same with
1 times (Figure 3(c)).
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Figure 3. Some characteristics of rainfall data in the study area from 1957 to 2013 and trend lines. (a) The average annual rainfall;
(b) Maximum daily rainfall; (c) The months happened maximum daily rainfall; (d) Total of rainy days per year.

Although in Vietnam, many landslide project have been completed during 20
recent years but we are really lack of some important information of historical
landslide data. The first reason of this fact is because all the landslide field work
of the previous projects was carry out in April or October. April is at the end of
period of time of dry season and October is at the end of period of time of rainy
season. This works is not suitable for collecting the landslide information be-
cause almost of landslide in mountainous area of Vietnam is always occurs in
rainy season from May to October, especially this natural phenomenon is oc-
curred with the most frequently in 3 months from June to August. Due to the
fact that, the landslide information collected is very hard to link with exactly
date of rainfall episode. Although in the study area collected 245 landslides but
most of them could not define the exactly date except 37 landslides triggering
events as mention above. Most of these landslides have occurred in areas where
the rainfall was relatively high with average daily rainfall occurred landslide is
more than 76 mm, even having 9 of 37 landslides occurred the same day with

maximum daily rainfall.

3. Probability of Occurrence of the Triggering Rainfall
Threshold

3.1. Determination of the Rainfall Threshold

One of the most difficulties when using antecedent rainfall measurements to

predict landslide occurrence is the definition of the period over which to accu-
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mulate the precipitation [6] [22].

A detailed literature review revealed a complex relationship on the correlation
between numbers of days for the antecedent rainfall with the triggering of a
landslide [22]. The days for antecedent rainfall have mentioned in many pre-
vious studies [1] [4] [6] [9] [10] [11] [28] [29] have attempted to establish rain-
fall-intensity thresholds so that slope failure predictions could be made accu-
rately. These various works define rainfall threshold in terms of rainfall intensi-
ty, duration vs. intensity ratio, cumulative rainfall in a given time, antecedent
rainfall vs. daily rainfall ratio, event rainfall vs. yearly average rainfall ratio, and
daily rainfall vs. antecedent excess rainfall ratio [29].

The thresholds using rainfall intensity-duration are the most widely used me-
thod in the literature [30]. For rainfall threshold estimation, the most four com-
mon variables used in the literature are as follows: daily rainfall [9], antecedent rain-
fall [9] [10] [11], cumulative rainfall [28], and normalized critical rainfall [4]. In
general, the selection of the right parameters in constructing rainfall threshold is
mainly dependent on the landslide type [30].

In this study area where daily rainfall (covering a time span of 57 years from
1957 to 2013) and hourly rainfall data (only from May to October in the period
of 4 years from 2010 to 2013) are available, so antecedent rainfall plays an im-
portant role in estimation of landslide initiation introduced by Jaiswal and Van
Westen [11] is applied in this paper.

As discussed in Section 2, landslide hazard in the area having strong relation-
ship with certain intensity of rainfall. Hence, we suppose that the probability of
occurrence of a landslide is related to the probability of occurrence of the trig-
gering rainfall threshold. It means that landslide has to occur whenever a given
rainfall threshold is exceeded may not hold always and everywhere. However, it
is also expected that landslides will not occur below the rainfall threshold.
Hence, for rainfall-triggered landslides, this assumption can be an acceptable
first-approximation to work with and to estimate the frequency of landslides by
establishing relations between the landslide trigger, its magnitude and the oc-
currence of the landslides [11].

Depending on the type of landslides and their geo-environmental setting, the
number of antecedent days can vary from 3 days for shallow landslides to 30
days for deep landslides [4] [10] [11]. In order to determine the suitable number
antecedent days required for shallow landslides of the study area, we selected 29
landslide-triggering events (in total 37 landslide-triggering events have men-
tioned in Section 2.1) that have occurred between 1989 and 2013 in this area.
After analyzing the 3, 5, 7, 10, and 15-day antecedent rainfall, according to the
method suggested by [10], the 3-day antecedent rainfall was considered suitable

for the analysis.

3.2. Results

To determine the rainfall threshold (R;), a scatter plot was prepared showing

daily rainfall against the corresponding 3-day antecedent rainfall, for each day
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with one or more triggered shallow landslides. The envelope curve is manually
drawn such that it demarcates the lower end of the plotted points. The line can
be represented by a linear mathematical equation [3] [11].

In this study area, R; above which a landslide can occur for the given 3-day
antecedent rainfall (R,,,) is represented by the equation R; = 40.8 — 0.201R,,,.
Besides, we also established the equations of rainfall threshold for 5, 7, 10 and
15-day antecedent rainfall and the landslides that occurred in study area were
used for the threshold validation (Figure 4).

In some cases, landslides were also occurred in the days which no rainfall or
with very few of daily rainfall was measured. These were the cases when high
antecedent rainfall alone has resulted in landslides and other reason is the fail-
ures to pore pressure rising due to water percolating from upslope areas. This
holds for landslides associated with cut slopes because during excavation toe of
such slopes are removed and the unsupported overburden mass becomes more
prone to failure under the given condition. Thus, for all the listed thresholds, the

lower boundary of the envelope curve was set to zero daily rainfall [11].

3.3. Validation of Rainfall Threshold Model

The rainfall thresholds can be used to predict landslides both spatially and tem-
porally. The temporal aspect is related to the daily variations in rainfall and the
spatial aspect can be related to the use of different thresholds for different areas.
An indirect way to test the predicting capability of the thresholds is to validate
them with the control data sets, which were not used in the model [11].

In order to validate the model, the historical landslide recorded in some years
such as 2000, 2007, 2008, and 2013 were used. A part of the landslide events in
these years were also used in the rainfall threshold model creation. Figure 5

shows the results of validation of rainfall threshold model of the study area.

250
R;=40.8-0.201Rqq
L]
c 200 . R;=44.7 - 0.087Rs5.4
£
< ®  R;=47.36-0.047Ryy
S0 o o @
S Ry =51.2-0.01R0a
£ o
5. Ry =53.3-0.001R 5,
s
s
(<]
-
50
0

0 50 100 150 200 250 300 350 400

Antecedent rainfall in mm

Figure 4. Rainfall thresholds for the study area, R; is the threshold rain-
fall and Ry, Ry Roug Ry and Ryg,y are the different of antecedent
rainfall days and black points are the landslides were used for the thre-
shold validation.
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Figure 5. Validation of the threshold equation R; = 40.8 — 0.201R,,, for the study area. Validation was done for the year 2000,
2007, 2008 and 2013. Positive values on the vertical axis indicate threshold exceedance (R > Ry). Black squares indicate the dates of
landslide-triggering rainfall events considered in the model. Black triangles are the event dates that were not considered in build-

ing the threshold model.

According to the results shows in Figure 5, in the period from 29 May to 31
August 2000, the rainfall threshold exceed 10 times and landslides occurred in
the day that happened maximum daily rainfall in July and in the day having the
second high of rainfall of the month as well. And in the 2007 witnessed many
times the rainfall has exceeded the threshold curve. It was also one of the years
having high average rainfall in the rainy season, especially in July with more
than 1000 mm. In 2008 and 2013 was also recorded a lot of rainfall events exceed
the threshold rainfall. Compare to 2000, the number of times which rainfall
threshold exceed in the 2007, 2008 and 2013 were much more. Perhaps, it

represented for extreme-weather condition influenced by global climate changes.

4. Bayesian Probability Model

Bayesian subjective probability models, forecasting models can be constructed
using statistical methods applied to objective data. However, when historical da-
ta are unavailable, irrelevant, or there are time and financial restrictions, a sub-
jective approach can be used. The Bayesian subjective probability model relies
on querying the opinions and intuitions of a group of experts, obtaining proba-

bility estimates, and processing them through the Bayes formula. It should be
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noted that subjective models are limited in that they are slow in revealing pre-
viously unrecognized relationships. Experts can err in making complex forecasts,
especially if they have to consider conflicting clues. “Clues” are defined as sepa-
rate independent facts that impact on the forecast. Because the number and form
of clues varies, it is therefore important to aid the experts’ judgments with a me-
thodology to organize them. The Bayes probability model provides a structure
for breaking a complex judgment into several smaller components and reducing
expert error. Construction of the Bayes probability model requires four steps: 1)
Decide on events to forecast; 2) Identify the clues; 3) Assess likelihood estimates;
4) Use Bayes formula to forecast [31].

4.1. One-Dimensional Case

Because of only have a unique rain gauge in the study area, so we selected Baye-
sian probability model applied for one-dimensional case to calculate landslide
probability caused by daily rainfall (mm/day). According to Berti [21], Bayes’
theorem can be presented as below.

Bayes’ theorem is a direct application of conditional probabilities. The condi-
tional probability is the probability of some event A (in our case a landslide)
given the occurrence of some other event B (a rainfall episode with a certain
magnitude, expressed in terms of total rainfall, intensity or any other variable).
Conditional probability is written P(A|B) and it is read “the probability a
landslide (A) occurs given a rainfall episode (B)”. This probability is provided by
the Bayes’ theorem:

P(8]4)-P(4)

P(4)B)= P(5)

(1)
where:

P(B|A) = conditional probability of B given A (also called the likelihood),
that is the probability of observing a rainfall event of magnitude B when a
landslide occurs,

P(A) = prior probability of A (or simply prior), that is the probability a
landslide occurs regardless of whether a rainfall event of magnitude B occurs or
not,

P(B) = marginal probability of B, that is the probability of observing a rainfall
of magnitude B regardless of whether a landslide occurs or not,

P(A|B) = conditional probability of 4 given B (also called posterior proba-
bility), that is the probability of observing a landslide when a rainfall event of
magnitude B occurs.

Bayesian probability is usually computed in terms of relative frequencies.
Thus, if Ny is the total number of rainfall events recorded during a given time
reference; N, is the total number of landslides occurred during the same period;

Ny is the number of rainfall events of magnitude B, and N, is the number of

(1)
rainfall events of magnitude B that resulted in landslides, the probability terms

in (1) can be approximated to:
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P(4)=N,/N, (2a)

P(B)~N,/N, (2b)

P(Bl4)~ Nisj /N (2¢)

And Equation (1) reduces to P(4|B)~ N, /N,

4.2. Two-Dimensional Case

Equation (1) can be easily extended to the case of two variables Band C
P(B,C|4)-P(4)

P(4|B.C)= P(5.0)

(3)
where: the notation B, Cindicates the joint probability of having a certain value
(or range of values) of the two variables. If, for example, B=1 is rainfall inten-
sity and C =D is rainfall duration, Equation (3) provides the probability of a
landslide in response to a rainfall event of given duration and intensity.

In this paper, we selected Bayesian probability model applied for two-dimensional
case to calculate landslide probability caused by two factors, rainfall intensity

(mm/day) and rainfall duration (days).

4.3. Identification of Rainfall Events

According to Driver [31], construction of the Bayes probability model requires
four steps and the first step is “decide on events to forecast”.

The first step in the evaluation of any rainfall threshold is to identify the rain-
fall episodes that triggered the historical landslides, here referred as “triggering
rainfall”. Ideally a triggering rainfall event should be a well-defined rainfall epi-
sode, described by its duration, amount of precipitation, and intensity and
clearly related to a given landslide. In some cases the identification is simple (for
instance if the landslide occurred after a heavy rainfall preceded by a prolonged
dry period) but usually it is not. Landslides may result from complex rainfall se-
quences made of multiple bursts of variable duration and intensity that make it
difficult to detect a well-defined triggering episode. The greatest uncertainties
usually derive from the identification of the beginning of the triggering rainfall
while the time of landsliding is taken as its end. A certain amount of time with-
out rainfall (or limited rainfall) can be used as criterion to truncate the rainfall
sequence that precedes a landslide event [21] [32].

In this paper, we concentrated on estimating the probability of rainfall thre-
shold for landslide occurrence using daily rainfalls as the triggering rainfall
events. For each of the 37 historical landslides (see 2.1), we compared the rainfall
data recorded by the reference rain gauge with those recorded. This work was
done to find out the relationship between rainfall cumulative data with landslide
occurrence in the past events. The triggering rainfall was then defined visually by
selecting the rainfall episode closest to the date of occurrence of the landslide.
The results were then compared and the discrepancies (usually related to the be-
ginning of the triggering event) were discussed to arrive at a shared definition.

DOI: 10.4236/0jg.2018.87040

685 Open Journal of Geology


https://doi.org/10.4236/ojg.2018.87040

H. M. Do, K. L. Yin

We generally agreed to define the triggering event as a period of continuous or
nearly continuous precipitation which starts with the onset of the rainfall (or
with an abrupt increase of rainfall intensity in a period of light rain) and ends
the day of occurrence of the landslide. For those landslides that have occurred
after the end of the rainfall, the duration of the triggering event was set equal to
the rainfall duration [21].

Based on the classification of Berti [21], each triggering rainfall was then clas-
sified as 3 types: well-defined (type 1), uncertain (type 2), or undefined (type 3).

Type 1: Well-defined rainfall events can be clearly identified, as shown in the
examples of Figure 6 (Type 1 Well-defined).

Type 2: Uncertain events consist of distinct rainfall episodes characterized by
uncertain or subjective limits because of the presence of secondary rainfall epi-
sodes (Figure 6, Type 2 Uncertain).

Type 3: Undefined events consist of all those landslides without a significant
rainfall event close to the date of occurrence, such as landslides triggered during
complex rainfall sequences (Figure 6, Type 3 Undefined). The difficulty to es-
tablish the exact time of a landslide [6] and the influence of factors other than
rainfall are of the main reasons for these undefined events.

4.3.1. One-Dimensional Case

In order to calculate the values of P(A), P(B), P(B|A), A A|B) we selected only
well-defined events (Type 1) for considering in Bayesian analysis. When using
this method trigger rainfall must be reliably identified in order to get a reliable
likelihood function P(B|A). Landslides triggered by other factors (Type 2 and 3)
were then omitted [21].

Among 37 landslides triggered by rainfall events in the study area, we selected
26 well-defined rainfall events for the input data for Bayesian approach.

The analysis can be applied to the study area data set following the procedure
described in Section 4.2.

The marginal rainfall probability A B) is computed using the N, = 346 rainfall
events recorded (we only used rainfall data in the months that occurred
landslide triggering rainfall events) in the period of 13 years (May of 1989; May
and June of 1993; June of 1995; August of 1996 and 2008; July of 1997, 1998,
2000, 2001, 2004 and 2009; June and July of 2006; June, July and September of
2007). The conditional probability P (A|B ) using the N, = 26 well-defined
rainfall that triggered the historical landslides. Prior landslide probability is
therefore AA) = N,/ N = 26/346 = 0.08. In Table 1 shows the database of the
study area which used to calculate the values of probability A A4), P(B|A) , P(B)
and P(A|B ) and the Table 2 shows the results after calculating. After that, we
plotted the graphs to express the comparison of landslide probability A A4), prior
rainfall probability AB) and conditional probability P(B|A) (Figure 7(a))
and computed values of conditional landslide probability P (A|B) with each
classification of rainfall events (Figure 7(b)) as well.

Due to lack of historical landslide records in three years, 2010, 2011 and 2012,
we decided not using the landslide database of 2013. This data will be combined
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Figure 6. Some selection of triggering rainfall types based on cumulative rainfall in study
area. (a) Type 1: Well-defined; (b) Type 2: Uncertain; (c) Type 3: Undefined.
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Figure 7. One-dimensional Bayesian analysis in the period of 13 years of the study area:
(a) Comparison of prior landslide probability P(A), prior rainfall probability A B), and
conditional probability P(B|A) for three different classes of rainfall intensity; (b) Com-
puted values of conditional landslide probability A A|B) and comparison with prior
landslide probability A(A).
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Table 1. The information about the landslide events, total of rainfall events in 13 years and the classification of calculated thre-

sholds for daily rainfall intensity data.

Total Number of daily

events 0 <1< 40 mm/day

Number of Number of daily Number of Number of daily Number of Total
rainfall rainfall intensity with landslide with 0 rainfall intensity with landslide with 40 <  rainfall intensity ~ landslide with landslid
<I<40 mm/day 40<I<65mm/day I<65mm/day withI>65mm/day I>65mm/day andstide
8 21 4 32 14 26

346 293

Table 2. The probability values of one-dimensional Bayesian analysis that calculated based on daily rainfall intensity of the study

area in the period of 13 years.

Rainfall intensity
classification

0<I<40
40<I<65

1>65

Rainfall
events

293
21

32

Probabilit Total Total rainfall
AB) AR Ad) P(A|B) ! landslide events
0.85 0.31 0.08 0.03
0.06 0.15 0.08 0.19 26 346
0.09 0.54 0.08 0.44

with two types of rainfall data that are daily rainfall and hourly rainfall for estimating
the values of probabilities in two ways one-dimensional and two-dimensional Baye-
sian analysis for only 2013. The results of one-dimensional Bayesian analysis
shows in Table 3, Table 4 and Figure 8, and the results of two-dimensional

Bayesian analysis will be presented in Section 4.4.2.

4.3.2. Two-Dimensional Case
Two-dimensional Bayesian analysis evaluates the conditional probability of the
event given the joint occurrence of two control variables (Section 4.2).

In order to calculate the values of probability in two-dimensional Bayesian
probability model requires the data collection in more detail and based on the
rainfall intensity and duration. Because of the hourly rainfall data are not fre-
quently available especially for a long period of time in the past. Therefore, we
only had collected this type of data in 4 years, from 2010 to 2013 in 6 months of
rainy seasons (from May to October). Although, our landslide database be col-
lected to 2013 but these are unavailable in during three years from 2010 to 2012.
So that, we have to be use the landslide data in three months, from May to July
of 2013 for calculating the parameters of two-dimensional Bayesian probability
model.

The application of probability model follows the Equation (3) described in
Section 4.2. The hourly rainfall events recorded in three months of May, June
and July in 2013 was 68 events, the total landslide events occurred was 11, total
duration happened total rainfall events was 18.46 days (shortest duration was
0.04 day/a rainfall event, and the longest duration was 0.67 day/a rainfall event).
To evaluate the conditional probability of the event given the joint occurrence of
two control variables are hourly rainfall events and its duration, we classified
“rainfall intensity-rainfall duration, I-D” into four categories for calculating eas-
ily. Four different combination of rainfall intensity and duration of study area

classified basing on the equation of probability of occurrence of the triggering
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Table 3. The information about the landslide events, total of rainfall events in June and July of 2013 and the classification of cal-
culated thresholds for daily rainfall intensity data.

Number of dail Number of dail
Total Number of daily Number of . . K Y Number of K i . Y Number of
R i i . . K i rainfall intensity X K rainfall intensity K | Total
rainfall  rainfall intensity with landslide with 0 . landslide with 40 < K landslide with .
with 40 < 1< 65 with I > 65 landslide
events 0<I<40 mm/day <I<40mm/day I < 65 mm/day I> 65 mm/day
mm/day mm/day
51 40 3 5 3 6 4 10

Table 4. The probability values of one-dimensional Bayesian analysis that calculated based on daily rainfall intensity of the study
area in June and July of 2013.

Rainfall intensity Rainfall Probability Total Total rainfall
classification events AB B4 Ad) HA|B landslide events
0<I<40 40 0.78 0.30 0.20 0.08
40<I<65 5 0.10 0.30 0.20 0.60 10 51
I>65 6 0.12 0.40 0.20 0.67
1.0 1.00
—=—P(B) = P(A|B)
0.8 0.78 P(B|A) 080 4 —e—P(A|B)'svalues
........ P(A)=0.2 0.67
g 0.6 e £ 0.60 -
© o
S S
04 0.30 . [
& 0.30 0.40 2 a0 -
0.2
012 0.20 4 el ... [0S
0.0
0.00
0<I<40 40<I<65 1>65
0<I<40 40<1<65 1>65
Rainfall intensity, | (mm/day) Rainfall intensity, | (mm/day)

(a) (b)

Figure 8. One-dimensional Bayesian analysis in June and July of 2013: (a) Comparison of prior landslide probability A(A), prior
rainfall probability A B), and conditional probability A(B|A) for three different classes of rainfall intensity; (b) Computed values of
conditional landslide probability 2(A|B) and comparison with prior landslide probability A A).

rainfall threshold of the study area which established in Section 3.2 with R, =
40.8 — 0.201R,,,.

1) Rainfall events has I < 40 mm/day and D < 0.3 day,

2) Rainfall events has I < 40 mm/day and D > 0.3 day,

3) Rainfall events has I >40 mm/day and D < 0.3 day, and

4) Rainfall events has I >40 mm/day and D > 0.3 day.

Based on Table 5, we calculated the values of A(J|D), XLD|A), P(A) and
M A|LD) and expresses in Table 6. The 3D bars of the conditional landslide
probability for four different combinations of rainfall intensity and rainfall dura-

tion shows in Figure 9.
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Table 5. Rainfall intensity-duration that did and did not result in landslides in May, June and July in 2013.

Classification of rainfall RID did result in RID did not result in Total of RID events of  Total of landslide Total of RID
intensity-duration (RID) landslides landslides each class events events
I1<40&D<0.3 4 39 43
1<40&D >0.3 2 12 14
11 68
1>40& D <0.3 0 0 0
1>40&D >0.3 6 5

11

Table 6. The probability values of two-dimensional Bayesian analysis that calculated based on rainfall intensity and duration of
the study area in May, June and July in 2013.

Classification of rainfall Total of landslide Total of RID
D LD|A A A|LD,
intensity-duration (RID) AlD) ALDA) Ad) AAILD) events events
I1<40&D<0.3 0.63 0.36 0.16 0.09
1<40&D>0.3 0.21 0.18 0.16 0.14
11 68
1>40&D<0.3 0.00 0.00 0.16 0.00
1>40&D>0.3 0.16 0.55 0.16 0.55
0.6
=
(=}
= P(A|l,D) = 0.55
4 1>40 mm/day
0 o4

D> 0.3 day

Landshide p\'obab\\'\t\; .

o o
g

Figure 9. 3D bars of conditional landslide probability for four differ-

ent combination of rainfall intensity and duration of study area in
three months May, June and July in 2013.

5. Discussion

According to the main objectives of the paper, we proposed a rainfall threshold
model for landslide initiation based on the relationship between the rainfall
events and the historical landslide records. Besides this method, a Bayesian ap-

proach to estimate the probability of landsliding conditional to characteristics of
rainfall events to shows the possible risk of landslide occurrence.

In this paper, a threshold model based on antecedent rainfall have selected,

because only daily rainfall data are available for a long time period and easy to
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implement. Data required for the model are derived from the landslide events in
the past and daily rainfall records. The selection of the most suitable rainfall
threshold model for the study area is based on historical landslide records and
daily rainfall records in the period of 13 years, and the works to establish rainfall
threshold equations from the relationships of landslides triggered by the rainfall
events with antecedent rainfall in 3 days, 5 days, 7 days, 10 days and 15 days.
Moreover, a validation of the rainfall threshold was also implemented and the
results of this work has supported our selection is appropriate for the study area.

Jaiswal and Van Westen [11] have showed numerous publications on the re-
gionally-derived thresholds of rainfall intensity and duration for landslides are
available [7] [29]. Different climatic regions have shown different threshold val-
ues for rainfall intensities. Guzzetti [7] have attributed the observed differences
may be a direct result of climate on the meteorological conditions that result in
shallow hill-slope failures, or an indirect consequence modulated through mor-
phology, soil types, and vegetation cover.

Selection a rainfall threshold method that building based on rainfall intensity
and duration for this study area is not suitable because of the limitation of his-
torical landslide records, rainfall records as well as rain gauge station network.

Bayesian probability model applied to calculate the probabilities of landslide
occurrence in the study area follow two cases, one-dimensional case and
two-dimensional case. In the first case, we determined that the selection of the
input data is the most important steps. Therefore, only 26 landslide events in the
past selected to take part in the calculation of the model. Beside, the ideal to
classify the rainfall intensity threshold applied for the study area was also eva-
luated carefully basing on the fact of data. According to the rainfall threshold
equation that we suggested for the study area in Section 3.2, the classification of
rainfall intensity threshold to compute values of conditional landslide probabili-
ty was applied from this rainfall threshold equation. In the second case, due to
the unavailable of hourly rainfall database in the period of 13 years. The applica-
tion of Bayesian probability model in the case of two-dimensional cannot carry
out in this period. Hence, only the hourly rainfall data in May, June and July of
2013 (a unique hourly rainfall data that we collected) was took part in calculat-
ing the values of probability of this case. In this area, two variables that used for
evaluating of two-dimensional Bayesian probability were rainfall intensity and
rainfall duration. The classification of rainfall intensity threshold was also based
on the same way in one-dimensional Bayesian probability to compute the values
of the conditional probability.

Computed values of conditional landslide probability- 2(A4|B) in one-dimensional
case in the period of 13 years in comparison with the values of its in May, June
and July of 2013 have the differential levels relative clearly. These differences can
explain as a simple way by the unavailable of the database.

Landslides are generally isolated processes which individually may not be very
large in size but which can occur with a high frequency in a region. Unlike ha-

zardous events that affect large areas, such as earthquakes or flooding, the gen-

DOI: 10.4236/0jg.2018.87040

691 Open Journal of Geology


https://doi.org/10.4236/ojg.2018.87040

H. M. Do, K. L. Yin

eration of landslide inventory maps and databases is a tedious procedure.
Landslides have to be mapped and described one by one, and each one might
have different characteristics. In most countries there is no single agency that
has the responsibility for maintaining a landslide database. At best, several or-
ganizations, such as the public works department or road department, will deal
only with those landslides that have affected their area of interest (e.g., road
network), resulting in incomplete and biased databases. Newspaper and other
historical records only record those events that caused substantial damage. Uni-
versities and research institutes do work on landslide inventory maps but mostly
as part of a research project, with a limited duration, after which a landslide da-
tabase is no longer kept up-to-date. Therefore, it is very difficult to obtain
landslide inventory maps that are complete, both with respect to the area cov-
ered and to the time period investigated [33].

Determining temporal probability is done either by correlating the data on
landslide occurrences with those of the triggering factors (provided that the his-
torical records are sufficient for this) or through dynamic modelling [33]. Jaiswal
and Van Westen [11] proposed a method that based on the Poisson model to
determine the temporal probability of landslide initiation along transportation
routes. The model is applicable to shallow debris slides and debris flows asso-
ciated with cut slopes and triggered by rainfall. This method is suitable with his
study area because of the plenty of the historical landslide records and rainfall
records and having a rain gauge station network good enough for applying
Poisson model.

With the limitations of database and a lack of rain gauge station network that
can be distributed regularly in the study area, so we cannot produce a map on
spatial landslide probability distribution as in the research results of Berti [21].
Although we confront with many difficulties about the database but the results
of this paper need to encourage and apply widely in the high risk areas of
landslide hazard, especially in the mountainous area of Vietnam.

Finally, we still believe that the results of this paper can helps local authorities
and local people to be aware of the negative impacts of landslides triggered by
rainfall events as well as help them in the selection the most suitable develop-
ment planning methods for the study area to avoid badly effects, risk mitigation
and damages in the future.

6. Conclusions

In the study area, landslide triggering is significantly controlled by an empirical
minimum rainfall threshold: R, = 40.8 — 0.201R,,,. The Bayesian probability
model for one-dimensional case was established based on 26 landslides for the
period 1989 to 2009; daily rainfall data with the same time and the values of
probability varies from 0.03 to 0.44. Next, the Bayesian probability model for
two-dimensional case was generated based on 10 landslides; rainfall intensity
and duration in three months (May, June and July) of 2013 and the values of

probability ranges from 0.08 to 0.67, and computed values of conditional
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landslide probability A A|B) from two-dimensional case of Bayesian approach
are clearly controlled by rainfall intensity > 40 mm with rainfall duration > 0.3
day.

We have proposed an approach by combining an empirical minimum rainfall
threshold model with a probability model for determining probability of
landslide occurrence over an area by using Bayesian probability method. In this
model, the value of minimum rainfall threshold of the study area is an important
referential parameter related to rainfall intensity and rainfall duration for the
application of Bayesian probability method in calculating the probability of
landslide occurrence.

The model may not be applicable if the exact dates of landslide events in the
past are not known. The results of the model will be better if the input data on
daily rainfall, hourly rainfall from a well-distributed network of rain gauges is
combined with the actual dates of landslide occurrences.

The computed landslide probability is dependent strongly on a well-distributed
network of rain gauges in a well-defined area.

From the results of this research, we also want to continue our studies in other
mountainous area of Vietnam as future works. To fulfill this objective, the in-
stallation of a well-distributed network of rain gauges in mountainous area of
Vietnam is a strong recommendation of us in order to test the practical effec-

tiveness of the proposed method in a wide variety of geological conditions.
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