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Abstract: Landslides can cause serious loss of life and property, and being able to predict the stability of a slope are of
primary concern in identifying potential landslide sections and mitigating damages caused by landslides. In this study, we
employ a Naive Bayes classifier (NBC) to predict slope stability for a slope subjected to circular failures, based on six
parameters: slope height (H), slope angle (α), cohesion (c), friction angle (φ), unit weight (γ), and pore pressure ratio (ru). The
Naïve Bayes classifier is “learned”, using the Expectation Maximization algorithm, with an incomplete data set of 69 slope
cases. The model validation with 13 new cases shows that, when compared to the existing empirical approach, the proposed
NBC yields higher accuracy and allows using incomplete data for the prediction. Moreover, it helps in estimating the
probabilities of slope stability that are of interest to reliability-based design of slopes.
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Introduction

Landslides are one of the major geological disasters that can cause serious loss of life and property. Assessing
and predicting the stability of a slope is a major concern for determining potential landslide profiles and
mitigating damage caused by landslides. (Alimohammadlou et al. 2014; Rukhaiyar et al. 2017). Accurately
predicting the stability of a slope is a challenging task because it depends on a variety of geotechnical and
physical factors. Moreover, the interactions between these factors are complex and “often difficult to describe
mathematically” (Ferentinou and Sakellariou 2007; Lu and Rosenbaum 2003; Xue 2017).
A number of methods have been proposed to predict slope stability, with limit equilibrium methods (LEM)
and numerical methods being the most common methods (Liu et al. 2014; Xue 2017). Some other approaches
include empirical equations (Bye and Bell 2001; Taheri and Tani 2010) and limit analysis approaches based on
lower and upper bound theorems (Chen 1975). However, the above methods have certain shortcomings. For
instance, limit equilibrium methods cannot reflect the actual stress conditions of the slip surfaces (Lenchman and
Griffiths 2000) and their accuracy is affected by simplifying assumptions (Sakellariou and Ferentinou 2005). The
numerical methods are usually time consuming and their accuracy is highly dependent on accurate estimates of
geotechnical and physical parameters.
More recently, soft computing methods are increasingly used to predict slope stability. (Gordan et al. 2016;
Li and Kong 2014; Rukhaiyar et al. 2017; Xue 2017). Artificial Neural Networks (ANNs) and Support Vector
Machines (SVMs) are the most popular soft computing methods for predicting slope stability because (i) they do
not require prior knowledge of specific model forms and have flexible nonlinear modeling capabilities
(Alimohammadlou et al. 2014) and (ii) they perform better than the traditional analytical and regression methods
in slope stability prediction (Erzin and Cetin 2013; Samui 2008).
Although predictive models developed based on ANN or SVM methods can sometimes produce more
accurate predictions than traditional slope stability analysis methods, predicting slope stability is not feasible
when data is incomplete, especially in the initial stages of slope design. Therefore, we propose a Naive Bayes
classifier (NBC) (Ting et al. 2011) to predict the stability of slopes that are subject to circular failures. It has
been proven that NBCs are particularly useful to deal with incomplete data (Uusitalo, 2007) and could yield
good predictions even with small data sizes (Kontkanen et al., 1997), making them quite suitable for analyses
with limited (or incomplete) geotechnical data.
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Database Description
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For slopes subjected to circular failures, the major factors affecting the slope stability include the geometry of
the slope (i.e., slope height H and slope angle α), shear strength of the geomaterial (i.e., cohesion c and friction
angle φ), gravity (i.e., unit weight γ), and water condition (i.e., pore pressure ratio ru, which is defined as the ratio
of the pore pressure to the overburden pressure) (Liu et al. 2014; Michalowski 1995; Rukhaiyar et al. 2017).
We compiled a database comprising 69 slope cases with 41 cases being stable slopes and 28 cases being
failed slopes (Feng 2000; Sah et al. 1994; Wang et al. 2005; Xu et al. 1999; Zhou and Chen 2009). Note that the
values of ru for 10 slope cases were not reported, i.e., the input data are “incomplete.” The “incomplete data”
means that there is some vacancy for some factors. In this study, we choose to predict the actual condition of the
slopes (i.e., 0 = Failed and 1 = Stable) instead of predicting the specific values of the factor of safety (FoS).
Fig. 1 shows the histograms, cumulative distributions, and additional statistics of all the six input parameters
in the database. Note that the minimum and maximum values of each parameter define the ranges within which
the predictions can be conducted.

Figure 1. Histograms, CDF’s, and statistics of the six factors in the database.

3

Naive Bayes Classifier

3.1 Naive Bayes classifier
X = (x1, x2, …, xn) is the input vector representing the six independent factors affecting the slope stability (i.e., γ,
c, φ, α, H, and ru), and (C1, C2, …, Ck) denotes the two outcomes (stable or failed) of the slope stability. When x1,
x2, …, xn are discrete, using the Bayes’ theorem, the conditional probability of the kth possible outcome can be
expressed as follows (Domingos and Pazzani 1997; Friedman et al. 1997; Shirzadi et al. 2017).
P( X | Ck ) P(Ck )
P( X)
Based on the conditionally independent assumption, we have:

P(Ck | X) =

(1)

n

P( X | Ck ) = Õ P( xi | Ck )

(2)

i =1

Substituting Eq. (2) into Eq. (1) yield:
n

P(Ck )Õ P( xi | Ck )
P(Ck | X) =

i =1
n

n

(3)

P(C1 )Õ P( xi | C1 ) + P(C2 )Õ P( xi | C2 )
i =1

i =1

The NBCs aim to determine the class by maximizing the posteriori probability P(Ck|X) (Chen et al. 2017). It
is necessary to choose a suitable threshold probability for classification. As there are only two classes in this
study, it is common to use a threshold of 1/2 (Wu and Kumar 2009). Fig. 2 shows the structure of the NBC,
wherein each of the six input parameters is connected to the “Slope_Stability” node using arrows.
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Figure 2. Structure of the Naïve Bayes Classifier

3.2 Discretization of the continuous factors
In this study, equal-frequency binning algorithm (Kotsiantis and Kanellopoulos 2006), which is a commonly
used unsupervised discretization algorithms, is used to discretize the six continuous input factors. Table 1 lists
the intervals and corresponding definitions of the states.
Table 1. Overview of the intervals and the corresponding state names
Factors
Set of intervals / States
0/Failed
1/Stable
/
Slope stability
[12.0, 21.4]/Low
(21.4, 25.5]/Medium
[25.5, 28.44]/High
γ
[0, 12.0]/Low
(12.0, 43.0]/Medium
(43.0, 200]/High
c
[0, 26.8]/Small
(26.8, 34.0]/Medium
(34.0, 45.0]/ Large
φ
[8, 30.5]/Small
(30.5, 44.8]/Medium
(44.8, 59.0]/Large
α
[3.66, 67.0]/Low
(67.0, 205.0]/Medium
(205.0, 565.0]/High
H
0/Dry
(0, 0.5]/Wet
/
ru

Note that the ru values were not reported in 10 out of the 69 cases. The expectation maximization (EM)
algorithm can be used to estimate the conditional probabilities in the NBCs based on these “incomplete” data
(Jensen and Nielsen 2007).
4
4.1

Results and Discussions
Model performance

Figure 3. The NBC after parameter learning using EM algorithm.

The parameters in the conditional probability tables (CPTs) for each node are trained using the EM
algorithm built in Netica (Norsys Software Corporation 1998). Fig. 3 shows the NBC after parameter learning
using EM algorithm. Given the trained NBC, the probabilistic inference can be conveniently obtained using Eq.
(3). For example, the following factors are assumed for a slope design case: X = (γ = 24.6 kN/m3 (medium), c =
50 kPa (high), φ = 35° (large), α = 45° (large), H = 290 m (high), ru = NA). Then the probability of the slope
stability, P(Stable | X), can be computed as
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5

P(Stable)Õ P( xi | Stable)
i =1

P(Stable | X) =

5

5

P(Stable)Õ P( xi | Stable) + P(Failed)Õ P( xi | Failed)
i =1

(4)

i =1

0.5942 × 0.1111 × 0.6785 × 0.2632 × 0.5000 × 0.4286
=
0.5942 × 0.1111 × 0.6785 × 0.2632 × 0.5000 × 0.4286 + 0.4058 × 0.0476 × 0.4035 × 0.1739 × 0.2917 × 0.4035
= 0.9406
Note that the input data is “incomplete” in this example and the NBC can still compute the value of
P(Stable|X). In other words, the NBC can predict slope stability with any subset of the six input factors, making
it more flexible than other soft computing techniques such as the ANN or SVM methods.
The NBC was first tested using all the 69 slope cases in the database. The overall accuracy is approximately
97.1%, which is quite satisfactory for practical engineering.
The sensitivity analysis could be performed using Netica, and the results show that H is the factor with
highest influence on slope stability and ru is the least important input factor.
4.2 Validation with new cases
To validate the proposed NBC, it is tested with 13 new cases obtained from literature that were not included in
the training data set. Table 2 lists the results predicted using the proposed NBC and the empirical equation
proposed by Sah et al. (1994). Only two cases (Nos. 3 and 11) are misclassified, indicating an acceptable
performance of the NBC with new cases.
Three cases (Nos. 3, 11, and 12) were wrongly predicted using the empirical equation proposed by Sah et al.
(1994). However, it cannot be applied to case No. 13 wherein the input data are incomplete. Therefore, the
results, listed in Table 2, show that the proposed NBC performs slightly better than the empirical equation
proposed by Sah et al. (1994) and can be applied to a wider range of slope cases, particularly to the ones with
incomplete data or information.
Table 2. Results of validation with 13 new cases collected from literatures
γ
[kN/m3]

c
[kPa]

φ
[Ʊ]

α
[Ʊ]

H
[m]

ru

1

21.00

20.00

40.00

40.00

12.00

0.00

2

21.00

30.00

35.00

40.00

12.00

0.40

3

21.00

35.00

28.00

40.00

12.00

0.50

4

19.00

30.00

35.00

35.00

11.00

0.20

5

20.00

40.00

40.00

40.00

10.00

0.20

6

18.80

20.00

10.00

25.00

50.00

0.30

7

19.10

10.00

10.00

25.00

50.00

0.40

8

18.80

20.00

20.00

30.00

50.00

0.30

9

19.10

10.00

20.00

30.00

50.00

0.40

10

22.00

20.00

22.00

20.00

180.00

0.00

11

22.00

20.00

22.00

20.00

180.00

0.10

12

27.00

16.80

28.00

50.00

90.50

0.25

13

22.00

15.00

18.00

-

-

-

No.

5

Actual
(FoS)
Stable
(1.84)
Stable
(1.49)
Stable
(1.43)
Stable
(2.00)
Stable
(2.31)
Failed
(0.97)
Failed
(0.65)
Failed
(1.00)
Failed
(0.65)
Stable
(1.12)
Failed
(0.99)
Stable
(-)
Stable
(1.84)

Predicted
with NBC
(P(Stable))
Stable
(58%)
Stable
(54%)
Failed
(31%)
Stable
(54%)
Stable
(54%)
Failed
(27%)
Failed
(20%)
Failed
(27%)
Failed
(20%)
Stable
(54%)
Stable
(50%)
Stable
(55%)
Stable
(71%)

Empirical
equation by

Reference

Sah et al. (1994)

Stable
(1.82)
Failed
(1.19)
Failed
(0.98)
Stable
(1.80)
Stable
(1.94)
Failed
(0.52)
Failed
(0.41)
Failed
(0.78)
Failed
(0.63)
Stable
(1.74)
Stable
(1.57)
Failed
(0.54)
NA

Hoek and
Bray (1981)

Lin et al.
(1988)

Madzic
(1988)

Yan and Li
(2011)
Zhao
(2008)

Conclusions

An NBC was developed to predict the probability of slope stability based on six input factors: slope height (H),
slope angle (α), cohesion (c), friction angle (φ), unit weight (γ), and pore pressure ratio (ru). An EM algorithm
was employed to learn the conditional probabilities from the “incomplete” training data set including 69 slope
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cases. The “learned” NBC was tested with the training data, and the results show that the overall accuracy is
97.1%. In addition, 13 new cases were used to validate the proposed NBC model and only two cases were
misclassified, which is considered acceptable for practical engineering. The proposed NBC shows some
improvements over the conventional empirical equation proposed by Sah et al. (1994), as it yields higher
accuracy and allows using incomplete data for the prediction. Moreover, it helps in estimating the probabilities
of slope stability that are of interest to reliability-based design of slopes.
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