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ABSTRACT: This paper presents an approach to back analyze rainfall-induced landslides while considering the inherent 
spatial variability of soil parameters. Current methods of probabilistic back analysis can back analyze multiple sets of input 
soil parameters under uncertainty but does not consider uncertainties due to spatial correlation structure of parameters. Since 
soils are highly variable in space, the uncertainty due to spatial variability of parameters needs to be quantified. The study 
presents a probabilistic back analysis of a recent slope failure in India. Back analysis is performed using Bayesian analysis 
in-conjunction with random field theory. The results showed that the probabilistic method can be efficiently used to back 
analyze a slope failure while considering spatial variability of stability parameters. 

 

RÉSUMÉ: Ce document présente une approche pour analyser en arrière les glissements de terrain induits par les 
précipitations tout en tenant compte de la variabilité spatiale inhérente des paramètres du sol. Les méthodes actuelles 
d'analyse de retour probabiliste peuvent analyser plusieurs ensembles de paramètres de sol d'entrée sous incertitude, mais ne 
considèrent pas les incertitudes dues à la structure de corrélation spatiale des paramètres. Comme les sols sont très variables 
dans l'espace, l'incertitude due à la variabilité spatiale des paramètres doit être quantifiée. L'étude présente une analyse 
probabiliste en arrière d'une récente défaillance de la pente en Inde. L'analyse de retour est réalisée en utilisant l'analyse 
bayésienne en conjonction avec la théorie de champ aléatoire. Les résultats montrent que la méthode probabiliste peut être 
efficacement utilisée pour analyser une défaillance de pente tout en tenant compte de la variabilité spatiale des paramètres de 
stabilité. 
 
KEYWORDS: Back analysis, spatial variability, Bayesian analysis, random field. 

 

1  INTRODUCTION 

Soil is a natural material which exhibits considerable 
spatial variation of its engineering properties due to its 
deposition and weathering process. This brings 
uncertainty in the estimation of soil parameters. Although 
very sophisticated methods of probabilistic back analysis 
are developed but uncertainties due to spatial variation of 
soil parameters are not represented in back analysis. 
Back analysis considering spatial heterogeneity is not 
easy to implement, computationally intensive and can 
become quite complex (Juang et al. 2013).  

In this paper, probabilistic back analysis of a rainfall 
induced landslide which occurred in India on 30th July 
2014 is performed. The slope failure resulted in the burial 
of a village called Malin, in western India and also led to 
about 160 deaths (Ering et al. 2015). Back analysis is 
performed using a probabilistic method based on 
Bayesian analysis in combination with random field 
theory to account for spatial variability. The method 
reduces uncertainty in analysis by modelling spatial 
variability. Such an approach provides more rational 
basis for selection of proper slope remedial measures.  

2 PROBABILISTIC METHOD 
 
Tarantola (2005) used inverse analysis to improve the 
knowledge of model parameters (m) based on the 

observations (d). The prior distribution of model 
parameters is given by a multivariate normal distribution 
with mean (µm) and covariance (Cm). The existence of 
observational uncertainty makes the observed data (d) 
different from actual response of the system (D). In 
addition, model uncertainty induces difference in the 
predicted response g(m) and the actual response D of the 
system. The improved distribution of m becomes: ( | ) = . exp 	 ( ) − 	 	 ( ) − 	 +	( −	 ) ( −	 )              (1) 
 
Where g (m) is a prediction model with model 
uncertainty described by Cθ; CM = CD + Cθ i.e. CM is the 
sum of observational and model uncertainty; µm, Cm is 
the prior mean and covariance matrix. For a linear 
prediction model, the solution for the above equation is a 
closed form one and is given by: =	 +	 ( 	 +	 ) ( − 	 	 )	         (2) = ( 	 + )^ − 1                                    (3)  

  =	 	 ( ) | 	                                                               (4) 

Where G is a row vector which describes the sensitivity 
of g (m) with respect to m; μm|d and Cm|d are the posterior 
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 mean and covariance of m respectively. Let us introduce 
a matrix S = 	 	 +	                                                           
(5) 

On rearranging the terms in equation (2), the mean of 
posterior random field can be written as: 

′( ) = ( ) +	∑ , 	 ^                       
(6) 

Where mprior (y) is the prior mean of the random field; 
Cm(y, y’) is the prior covariance function of the random 
field and δdi

^ is the weighted data residual and is defined 
as ^ =	∑ 	                                                            (7) 

δdi is the data residuals and is given by  = − 	( )                                                  (8) 

Where di is the vector of observed data. Additional data 
of parameters { di } can be obtained at selected points {y1, 
y2, y3 and so on} from the slope failure information. Tij is 
a matrix which is the inverse of Sij.. The matrix Sij is 
defined as the sum of prior covariance matrix and 
covariance matrix which defines the observational 
uncertainty  = , +                                                  (9) 

Then covariance function of the posterior random field is 
given as: 

′ , ′ = , ′ −	∑ ∑ ,         (10) 

3 METHODOLOGY   

A devastating landslide occurred in the Malin area on 
30th July 2014 and claimed 160 lives. Based on site 
investigation, the hill slope is divided into four zones: 
Zone 1 2, 3 and 4. The soil on the slope is clayey to silty 
in nature with basaltic blocks embedded in that. 
Representative soil samples were collected outside the 
distressed zone of failed slope. The samples were tested 
in laboratory to obtain geotechnical parameters. Table 1 
shows geotechnical properties of soil samples.  

Table 1 Soil Properties 
Parameter Value 

Bulk density (kg/m3) 1700 

Soil classification Silty clay  

Cohesion (kPa) 36 

Friction angle (°) 22 

 
3.1 Numerical analysis 

FLAC2D version 7.0 is used in the study to numerically 
simulate Malin landslide. The two phase flow option in 
FLAC is used. The model is 50 m wide, 40 m high and 
the slope angle is 30° (Figure 1). Based on the rainfall 
data of the area, the rainfall infiltration applied at the top 

boundary of the slope is 7.05*10-7 m/sec. The uncertain 

parameters modelled as random fields are cohesion and 
friction angle. The statistical properties of parameters are 
given in Table 2.  The vertical autocorrelation distance is 
taken as 2 m. In this study, spatial variability is 
considered only in vertical direction since soil properties 
tend to vary more abruptly in vertical direction. 

 

Figure 1: Model goemetry 

Table 2: Statistical properties 
Parameter Mean value COV (%) 

Cohesion (kPa) 36 20 

Friction angle (°) 22 10 

3.2 Probabilistic back analysis 

The soil medium under investigation is described by m(y) 
where the function denotes model parameter varying in 
space. Data values of cohesion and friction angle are 
obtained at selected points from one of the numerical 
analyses which gives the factor of safety of slope less 
than 1 i.e. which can simulate the slope failure in Malin 
for the given rainfall infiltration. Based on the set of 
observed data, Bayesian analysis is performed to update 
the model parameters (m). The steps involved in 
determining posterior mean and covariance of the 
random field are as follows: 

(1) Additional data of parameters (di) are obtained at 
some selected points (yi) where i is the number of 
observations.  

(2) Observational uncertainty (CD) is described by 
multivariate normal distribution with mean zero 
and standard deviation 0.05. 

(3) Calculate matrix S and T. 
(4) Determine data residuals and weighted data 

residuals as given by equations (8) and (7). 
(5) Determine posterior mean of the random field 

using equation (6).  
(6) Determine posterior covariance of the random field 

using equation (10). 

4 RESULTS 

4.1 Numerical analysis 

Figures 2 and 3 show typical realisations of cohesion and 
friction angle. These realisations are generated using 
Karhunen- Loève (K-L) expansion. Detailed procedure 
of the expansion can be found be in Ghanem and Spanos 
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(1991). The actual soil medium in the site can be one 
among the many random realisations generated. For one 
of these soil profiles, the stability of the slope before 
rainfall is 1.52. After applying rainfall influx at the top 
boundary of the slope, the factor of safety becomes less 
than 1. From this analysis, we can obtain additional data 
of cohesion and friction angle at selected points within 
the soil profile. Table 3 gives the values of cohesion and 
friction angle at some selected points.  

Table 3: Data values of stability parameters 
Depth (m) Cohesion (kPa) Friction angle (°)

5 22.7 14.6 

10 21.8 16.9 

13 26.5 15.5 

25 23.75 14.2 

27 25.40 17.2 

 

 

Figure 2: Realisations of cohesion 
 

 

Figure 3: Realisations of friction angle 

4. 2 Probabilistic back analysis 

To appreciate the efficiency of the proposed method in 
reducing uncertainty of back analysed values, 
comparison is made between a popular back analysis 
method (Zhang et al. 2010a, Ering and Babu 2016) and 
the proposed method. The method proposed in the study 
incorporates uncertainty due to spatial variability. Table 
4 shows the prior and posterior statistics of random field. 
The results indicate that the distributions of the uncertain 
parameters are modified by the slope failure event 
simultaneously. However, the degree of modification is 
higher for cohesion than the friction angle. This may be 
because the contribution of cohesion to uncertainty in 
slope stability model is higher than the contribution by 
friction angle. Table 5 shows the comparison between 
two methods of back analysis.  
 
Table 4: Prior and Posterior statistics of random field 
Parameter  Prior 

mean 
Posterior 
mean 

Prior 
variance  

Posterior 
variance 

Cohesion 
(kPa) 

36 31.4 51.84 43.0 

Friction 
angle (°) 

22 19 4.84 4.2 

 
Table 5: Comparison of back analysis method without spatial 
variability and proposed method 

Parameter 

 

 

Prior 
Mean 

Prior 
variance 

Without 
spatial 

variability 
(Posterior 
variance) 

Proposed 
method 

(Posterior 
variance) 

Cohesion 
(kPa) 

36 51.84 49.74 43.0 

Friction 
angle (°) 

22 4.84 4.79 4.2 

The results show that the back analysis method 
which does not consider spatial variability predicts 
higher values of variance i.e. this method overestimates 
the uncertainty in analysis. The overestimation of 
uncertainty in strength parameters may lead to 
uneconomical slope remediation design. The posterior 
statistics indicate the decrease in variance of 4% and 1.03% 
for cohesion and friction angle respectively. Whereas the 
posterior variances of cohesion and friction angle 
obtained from the proposed method indicate a decrease in 
variance of 17% and 13.2% respectively. Hence, the back 
analysis method with spatial variability is more efficient 
in reducing uncertainty of parameters. Figures 4 and 5 
show comparison of prior random field and posterior 
random field. The results from the analysis are consistent 
with the findings of the Malin landslide that reduction of 
the shear strength due to rainfall infiltration was the 
primary cause of slope failure.  
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Figure 4: Prior and posterior realization of cohesion 

 

Figure 5: Prior and posterior realization of friction angle 

5 CONCLUSIONS 

Following are the conclusions drawn from the study: 

(1) An advanced probabilistic back analysis method is 
presented in the study which incorporates spatial 
variability in the back analysis results.  

(2) Probabilistic back analysis was performed in 
combination with random field theory. The 
uncertain parameters are modelled as random fields 
and are updated by Bayesian analysis based on the 
slope failure information.  

(3) The method is shown effective in updating stability 
parameters while considering spatial heterogeneity 
and correlation structure. Hence, the proposed 
probabilistic framework enables representation of 
spatial variability in the back analysis results.  

(4) The research reported that the back analysis 
methods which do not include spatial variability 
overestimate the uncertainty in analysis. The 
proposed method of back analysis is shown to be 
more effective in reducing the uncertainty of 
parameters.  Hence, such an approach provides 
high confidence in the back analysed values of 
parameters which are to be used for slope 
remediation design purposes. 
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