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Abstract 7 

Availability of limited data for rock properties is a very frequently encountered issue for 8 

the rock slopes along Himalayan highways due to problems like high costs, manual efforts, 9 

geological complexities, difficult terrain etc. involved in rock testing and investigation. 10 

Under these conditions, support estimation for rock slides mitigation using traditional 11 

deterministic and reliability approaches becomes highly questionable due to inaccuracy in 12 

the estimated statistical parameters of rock properties. To resolve this issue, this article 13 

proposes a computationally efficient methodology which utilizes Advanced Re-Sampling 14 

Reliability Approach (ARRA) along with deterministic approach and Target Reliability 15 

Approach (TRA) to estimate required support for rock slides mitigation when limited field 16 

and laboratory investigation data is available, with acceptable accuracy and confidence. 17 

Proposed methodology was used to design the support measures to mitigate two massive 18 

rock slides along a rock-slide prone highway i.e. Rishikesh-Badrinath National Highway 19 

(NH-58) in India. It was observed from the analysis that availability of limited test data 20 

induces high uncertainty in the statistical parameters (mean and standard deviation) and 21 

probability distribution of rock properties. Support estimation carried out using traditional 22 

deterministic and reliability approaches with this inaccurate probabilistic characterization 23 

of rock properties, can lead to inaccurate support estimates for potential rock slides in the 24 

presence of limited data; however these methods when coupled with ARRA can lead to 25 

significant improvement in computational efficiency and the designer’s confidence for the 26 

estimated support. 27 

Keywords: Rock Slides, Remedial Measures, Deterministic Approach, Target Reliability, 28 

Advanced Re-sampling Reliability 29 

 30 

1. Introduction 31 

Massive rock slides were observed during the construction of civil and military 32 

infrastructure development projects recently in the Himalayan regions of India leading to 33 
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significant financial and human lives losses. According to some studies, rock-slides causes 34 

an economical loss of $1.35 billion along with several human lives for the total 89000 km 35 

of the highways and roads in the mountainous topography of northern India alone, 36 

signifying the gravity of situation (Mathur, 1982).Efforts have been made in the past to 37 

develop different remedial/support measures like rock bolting, slope flattening etc. to 38 

mitigate these rock slides. However, estimation of the required support to prevent rock-39 

slides is difficult task due to complex failure mechanisms and associated high uncertainties 40 

with rock properties. While the identification of failure mechanism for a rock slide is a 41 

trivial issue now a day after the development of kinematic stereographic analysis; second 42 

issue related to uncertainties in rock properties is still a non-trivial issue. Different 43 

reliability methods like First Order Reliability Method (FORM), Second Order Reliability 44 

Method (SORM), Monte-Carlo (MC) simulation etc. have been developed over the years 45 

to consider these uncertainties in geotechnical engineering analysis (Ang and Tang, 1984; 46 

Baecher and Christian, 2003). Still, the studies on their applicability for stability analysis 47 

and design of mitigation measures for rock slides are very limited, possibly due to non-48 

familiarity of rock practitioners and mathematical complexities associated with these 49 

methods (Duzgun et al., 1995; Mauldon and Ureta, 1996; Tiwari and Latha, 2017; Pandit et 50 

al., 2018; Pandit et al., 2019; Tiwari and Latha, 2019).  51 

Further in all these available limited studies, one major issue which is completely ignored 52 

is that the accuracy of these traditional reliability methods depends significantly on the 53 

accuracy of the estimated statistical parameters (mean, standard deviation (SD) and 54 

Probability Distribution (PD))of rock properties, which in turn depend on the quality and 55 

quantity of field and laboratory investigation data. Even if the quality of test data is 56 

maintained by performing tests according to standard methods suggested by ISRM, 57 

quantity (number of test data) of the test data in rock mechanics domain remains 58 

inadequate mostly due to involvement of high costs; absence of any strict guidelines 59 

regarding numbers; practical difficulties like site preparation, sample collection, sample 60 

disturbance, data interpretation etc. involved in lab and in-situ testing (Duzgun et al., 2002; 61 

Wyllie and Mah, 2004; Ramamurthy, 2014; Bozorgzadeh and Harrison, 2019). This leads 62 

to high uncertainty in the statistical parameters (mean and SD) and PD of these rock 63 

properties estimated from this data, thus reducing the accuracy of traditional methods 64 

significantly (Luo et al., 2013; Pandit et al., 2019).To the author’s best knowledge, very 65 

limited efforts have been made in the past to deal with this issue of limited data availability 66 
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while estimating support for rock slides mitigation, while this issue is encountered by rock 67 

practitioners very frequently in the field. 68 

This paper deals with this issue by proposing a practical and computationally efficient 69 

methodology which can deal with the uncertainty in statistical parameters (mean and SD) 70 

and PD of rock properties arising due to availability of limited rock properties data, while 71 

estimating support requirements for rock slides mitigation. This method utilises 72 

bootstrapping based Advanced Re-Sampling Reliability Approach (ARRA) (Luo et al., 73 

2013; Li et al., 2015a; Pandit et al., 2019) along with traditional deterministic and 74 

reliability approaches. Proposed methodology was suggested to design support measures 75 

for two potential rock-slides along a rock-slide prone national highway (NH) i.e. 76 

Rishikesh-Badrinath (NH-58) highway situated in Uttarakhand state of India. These sites 77 

were located close to massive rock-slide location and were showing continuous failures 78 

even after providing the support estimated by traditional approaches possibly due to 79 

inaccurate probabilistic characterisation of rock properties due to limited data availability. 80 

This study describes the advantages of the proposed methodology over traditional methods 81 

in the support estimation for rock slides mitigation with limited available test data for rock 82 

properties, on the criteria of the accuracy, computational efficiency and rock practitioner’s 83 

confidence. 84 

 85 

2. Details of the Components of Proposed Methodology 86 

This section of the paper describes briefly some of the major components involved in the 87 

proposed methodology - i) Estimation of uncertainty in rock properties ii)Target Reliability 88 

Approach (TRA) iii) Advanced Re-Sampling Reliability Approach (ARRA).  89 

 90 

2.1. Estimation of Uncertainty in Rock Properties 91 

In this section, statistical parameters i.e. mean, SD and PD of rock properties are estimated 92 

using original test data set, which are required for traditional deterministic and reliability 93 

analysis. Later, uncertainties in these estimated mean, SD and PD of rock properties arising 94 

due to limited data are estimated using bootstrap technique which are required for ARRA. 95 

Details are explained as below. 96 

a) Estimation of Uncertainty in Rock properties using Original Data 97 
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Statistical properties i.e. Mean (�̅�𝑁) and SD (𝑆𝑁) of the rock properties can be estimated 98 

from original lab and field test data set (𝑋1,𝑋2,…,𝑋𝑛), using common statistical methods 99 

(Duzgun et al., 2002) as 100 

�̅�𝑁 = 1𝑁 ∑ 𝑋𝑖𝑁
𝑖=1  ;          𝑆𝑁 = √ 1𝑁 − 1 ∑(𝑋𝑖 − �̅�𝑁)2𝑁 

𝑖=1                     (1) 101 

Acceptable probability distributions (PDs) for these rock properties are evaluated by 102 

performing goodness-of-fit test i.e. Kolmogorov-Smirnov (KS) and Chi-Square test (Ang 103 

and Tang, 1984). Among these acceptable PDs, best PD for a rock property is the one 104 

which has minimum Akaike information criterion (𝐴𝐼𝐶𝐷) i.e. 105 𝐴𝐼𝐶𝐷 = −2(log(𝐿𝐷)) + 2𝐾𝐷                               (2) 106 

Where 𝐿𝐷=maximum likelihood estimator associated with a PD D; 𝐾𝐷=number of 107 

parameters of candidatePD required to fully characterize the PD D. 108 

b) Estimation of Uncertainty in Mean, SD and PD of Rock Properties due to Limited 109 

Data Availability 110 

As mentioned previously, probabilistic characterization of rock properties carried out in the 111 

previous section (section 2.1 a) can be inaccurate in the presence of limited test data (𝑁 is 112 

small) i.e. mean, SD and PD of the rock properties may themselves contain high 113 

uncertainties. To quantify these uncertainties, bootstrap technique is used in the present 114 

study owing to its simplicity in engineering applications(Most and Knabe, 2010; Luo et al., 115 

2013; Li et al., 2015b; Pandit et al., 2019). Details of bootstrap method are given below. 116 

Let us assume an original sample of input random variable (rock property) 𝑿 = 117 

{𝑋1,𝑋2,…,𝑋𝑁} with mean �̅�𝑁 and SD 𝑆𝑁. A bootstrap sample of same size (𝑁 sized) 𝑩𝒊 = 118 

{𝐵𝑖,1, 𝐵𝑖,2,…, 𝐵𝑖,𝑁}is generated by repeated random sampling with replacement, from the 119 

original data set 𝑿. Sample size is kept same as that of original sample size to avoid any 120 

underestimation or overestimation in sample statistics (Johnson, 2001). There will be 121 

associated sample mean, SD and AIC value for a PD, for each bootstrap sample. For each 122 

bootstrap sample, every vector 𝑋𝑖 has an equal probability of being chosen. For every 123 

bootstrap sample, statistical parameters of sample i.e. mean (�̅�𝑖), SD (𝑆𝑖) are estimated as 124 

�̅�𝑖 = 1𝑁 ∑ 𝐵𝑖,𝑗𝑁
𝑗=1 ;       𝑆𝑖 = √ 1𝑁 − 1 ∑(𝐵𝑖,𝑗 − �̅�𝑖)2𝑁

𝑗=1                                                (3) 125 
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This procedure is to be repeated to obtain 𝑁𝑠 bootstrap samples, which are used to obtain 126 

corresponding sample means and SDs. Then bootstrap mean ([�̅�𝑁𝑠]𝑚𝑒𝑎𝑛) and bootstrap SD 127 

(𝜎�̅�𝑁𝑠 ) of sample mean value can be estimated as  128 

[�̅�𝑁𝑠]𝑚𝑒𝑎𝑛 ≈ 1𝑁𝑠 ∑ �̅�𝑖𝑁𝑠
𝑖=1 ;         𝜎�̅�𝑁𝑠 ≈ √ 1𝑁𝑠 − 1 ∑ (�̅�𝑖 − [�̅�𝑁𝑠]𝑚𝑒𝑎𝑛)2𝑁𝑠

𝑖=1                           (4) 129 

Similarly, bootstrap mean ([𝑆𝑁𝑠]𝑚𝑒𝑎𝑛) and SD (𝜎𝑆𝑁𝑠) of sample SD values can be 130 

estimated as 131 

[𝑆𝑁𝑠]𝑚𝑒𝑎𝑛 ≈ 1𝑁𝑠 ∑ 𝑆𝑖𝑁𝑠
𝑖=1  ;            𝜎𝑆𝑁𝑠 ≈ √ 1𝑁𝑠 − 1 ∑ (𝑆𝑖 − [𝑆𝑁𝑠]𝑚𝑒𝑎𝑛)2𝑁𝑠

𝑖=1                      (5)  132 

Similarly, uncertainty in the PDs for a rock property can be estimated by estimating the 133 

bootstrap statistics i.e. mean (𝜇𝐴𝐼𝐶𝐷) and SD (𝜎𝐴𝐼𝐶𝐷) of 𝐴𝐼𝐶𝐷 (Eq.(2)) of a candidate 134 

probability distribution D.  135 

𝜇𝐴𝐼𝐶𝐷 = 1𝑁𝑠 ∑ 𝐴𝐼𝐶𝑖𝐷
𝑁𝑠

𝑖=1    ;  𝜎𝐴𝐼𝐶𝐷 = √ 1𝑁𝑠 − 1 ∑(𝐴𝐼𝐶𝑖𝐷 − 𝜇𝐴𝐼𝐶𝐷)2𝑁𝑠
𝑖=1                              (6) 136 

 137 

2.2. Target Reliability Approach (TRA) 138 

Proposed methodology requires support estimation using traditional reliability approach 139 

also. Although lesser known in the rock mechanics domain; Target Reliability Approach 140 

(TRA) was used for this purpose due to its significant accuracy and excellent 141 

computational efficiency (Basha and Babu, 2010). TRA is basically formulated as the 142 

inverse of FORM, in which search is carried for the points whose distances in standard 143 

normal U space from the origin are equal to the target reliability index i.e. 𝛽𝑡𝑎𝑟𝑔𝑒𝑡 and 144 

among these points, the point selected is the one for which performance function i.e. 𝐺(𝒖) 145 

is minimum. This point is called Minimum Performance Target Point (MPTP) represented 146 

as 𝒖. Figure 1 demonstrates the methodology adopted to search MPTP corresponding to 147 𝛽𝑡𝑎𝑟𝑔𝑒𝑡. TRA can be mathematically expressed as an optimization problem to find 𝒖which 148 

is: 149 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒: 𝐺(𝒖)𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝑒𝑑 𝑡𝑜: ‖𝒖‖ = 𝛽𝑡𝑎𝑟𝑔𝑒𝑡                     (7) 150 
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Using the method of Lagrange multipliers, MPTP ([𝑢𝑖]𝑖=1𝑛 ) in standard normal space for 151 𝛽𝑡𝑎𝑟𝑔𝑒𝑡 can be expressed as: 152 

[𝑢𝑖]𝑖=1𝑛 = −𝛽𝑡𝑎𝑟𝑔𝑒𝑡 [ 𝜕𝐺𝜕𝑥𝑖 × 𝜎𝑋𝑖]𝑖=1𝑛
√∑ {𝜕𝐺𝜕𝑥𝑖 × 𝜎𝑋𝑖}2𝑛𝑖=1      (8) 153 

where 𝐺(𝑿𝒊) is performance function involving ‘n’ random variables. 154 

The transformations of MPTP between original space [𝑥𝑖]𝑖=1𝑛  and standard normal space 155 [𝑢𝑖]𝑖=1𝑛 is performed as: 156 𝑥𝑖 = 𝜇𝑋𝑖 + 𝜎𝑋𝑖 × 𝑢𝑖               (9) 157 

where, 𝜇𝑋𝑖 and 𝜎𝑋𝑖are the mean and SD value of random variable 𝑋𝑖. 158 

For non-normal input random variables, the Rackwitz and Fiessler (1978) transformation is 159 

used in the current study to transform them into equivalent normal variables as shown 160 

below: 161 

𝜎𝑋𝑖𝑁 = 𝜙 [𝛷−1[𝐹𝑋𝑖(𝑥𝑖)]]𝑓𝑋𝑖(𝑥𝑖)                 (10) 162 𝜇𝑋𝑖𝑁 =  𝑥𝑖– 𝛷−1[𝐹𝑋𝑖(𝑥𝑖)] × 𝜎𝑋𝑖𝑁           (11) 163 

Where 𝜇𝑋𝑖𝑁 and 𝜎𝑋𝑖𝑁  are mean and SD of equivalent normal distribution, 𝛷[.] and 𝜙[.] are the 164 

CDF and the PDF of the standard variate, respectively, and 𝐹𝑋𝑖(.) and 𝑓𝑋𝑖(.) are the CDF 165 

and PDF of the original non-normal random variable. 166 

2.3. Advanced Re-Sampling Reliability Approach (ARRA) 167 

Advanced Re-Sampling Reliability Analysis (ARAA) is basically a reliability technique 168 

which can consider the uncertainty in the statistical parameters (mean and SD) and PD of 169 

input random variables (rock properties) in the analysis (Pandit et al., 2019). Process 170 

adopted to perform ARAA can be summarized as: Initial step for ARRA is to obtain a 171 

bootstrap sample and to estimate its sample mean and SD values (section 2.1). Second step 172 

is to evaluate best PD having lowest 𝐴𝐼𝐶𝐷 value among the acceptable candidate PDs for 173 

this bootstrap sample (Section 2.1 a). Third step would be to perform Monte-Carlo (MC) 174 

simulations on the performance function to obtain its mean, SD and PD using estimated 175 

sample mean, SD and PD for each bootstrap sample. Fourth step is to evaluate 176 

corresponding reliability index (𝛽) using mean, SD and PD of performance function for 177 

this bootstrap sample. This whole process is then repeated for 𝑁𝑠 number of bootstrap 178 
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samples to obtain 𝑁𝑠values and hence, the distribution of reliability index (𝛽) from which 179 

further interpretations can be made. 180 

 181 

3. Proposed Methodology for Support Design to Mitigate Rock Slides 182 

This section describes the systematic steps involved in the support estimation for rock 183 

slides mitigation using proposed methodology. Figure 2 shows the detailed flowchart of 184 

the proposed methodology. Following section briefly outlines the steps to be followed in 185 

the proposed methodology. 186 

Step 1 Derivation of Performance Function: Derive the performance function i.e. Factor 187 

of Safety (FOS) for this study, as a function of the relevant input rock properties, external 188 

forces and support force i.e.  189    𝐺(𝒙, 𝒚, 𝑇) = 𝐹𝑂𝑆(𝒙, 𝒚, 𝑇) − 1                           (12) 190 

Where 𝒙, 𝒚 =Vector of random rock properties and random external forces; T =Support 191 

force. 192 

Step 2 Estimation of Rock Properties: Estimate the input rock properties from standard 193 

International Society of Rock Mechanics (ISRM) suggested field and laboratory testing 194 

methods to generate the original data set for these rock properties. 195 

Step 3Estimation of Uncertainty in Rock Properties: Estimate statistical parameters 196 

(mean and SD) and probability distribution (PD) from the original data set of these rock 197 

properties (section 2.1 a). Further, characterize uncertainty in the mean, SD and PD of 198 

these rock properties by carrying out Bootstrap Modeling (Section 2.1 b). 199 

Step 4 Evaluation of Potential Rock Slide Stability under In-Situ Condition: Evaluate 200 

the stability of potential rock slide under in-situ condition without any external support 201 

(Putting T = 0 in Eq.(12)) using deterministic, traditional reliability and ARRA to 202 

ascertain, if any support is required to stabilize the slope. Deterministic analysis is carried 203 

out to estimate FOS by simply putting mean values of geometrical dimensions of slope, 204 

rock properties and external forces in the performance function (Eq. (12)). Traditional 205 

reliability analysis is carried out by estimating random values of FOS for random 206 

realisations of input random variables i.e. rock properties and external forces by 207 

performing Monte-Carlo simulation (MCs) on performance function i.e. 𝐺(𝒙, 𝒚, 𝑇 = 0). 208 

Reliability index (𝛽) can be estimated using mean of FOS (𝜇𝐹𝑂𝑆) and SD of FOS (𝜎𝐹𝑂𝑆) as 209 

given below 210 𝛽 = 𝜇𝐹𝑂𝑆 − 1𝜎𝐹𝑂𝑆                            (13) 211 
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For ARRA, distribution of 𝛽can be estimated as explained in section 2.3. Support is 212 

required when the evaluated FOS, 𝛽 and distribution of 𝛽 from these approaches are not 213 

meeting corresponding acceptability criteria. 214 

Multiple acceptability criteria corresponding to different approaches are considered due to 215 

involvement of significant risk with this project and massive failures observed in the past. 216 

Acceptability criteria adopted in this study is based on the extensive literature review and 217 

can be summarized as:  218 

a) For deterministic analysis, FOS ≥1.5 (Wyllie and Mah, 2004) 219 

b) For traditional reliability analysis, 𝛽≥ 2.0 (Chowdhury and Flentje, 2003; Diamantidis et 220 

al., 2006) 221 

c) For ARRA, area under PD curve of reliability index (𝛽) for 𝛽<2.0 i.e. 𝑃𝐴𝐵𝛽𝑡 should not 222 

exceed 0.01(1%). Acceptability criterion for ARRA is based on the probability 223 

interpretation provided by Cai (2011) and Lichtenstein and Newman (1967) - When a 224 

probability is translated into a verbal description of uncertainty, 1% is equivalent to 225 

virtually impossible.  226 

Step 5 Support Estimation for Rock Slide Mitigation: This step is to estimate support 227 

requirements for the potential rock slides, if they are not meeting the acceptability criteria 228 

under in-situ condition. Basic idea is to estimate the support required, satisfying all the 229 

above mentioned criteria separately and maximum among them is referred as the final 230 

required support. Another important point to notice is that this step is designed to minimize 231 

the computational efforts by appropriately guessing the initial support force trial in TRA 232 

and ARRA by performing the analysis in a systematic sequence. This step is clearly 233 

described in Fig. 2, however brief description of the logic behind this step is summarized 234 

here.  235 

Computational efforts involved in the support estimation approaches can be arranged in the 236 

increasing order as: deterministic, TRA and ARRA. While, TRA and ARRA require initial 237 

support force trial value to initiate the calculation for support estimation, there is no such 238 

issue in deterministic analysis. Hence, support is estimated by simplest and most popular 239 

approach i.e. deterministic approach initially by using mean values of - rock properties, 240 

external forces; pre-decided value of required FOS (1.5 for this study) in Eq.(12), to get the 241 

required support force i.e. TDET. TDET will satisfy first acceptability criterion i.e. FOS ≥1.5. 242 

For the support estimation using TRA, major issue is regarding the assumption of initial 243 

trial support force value i.e. 𝑇𝑇𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1. In this study, this issue is resolved by simply 244 
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assuming 𝑇𝑇𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1=TDET. This assumption leads to significant reduction in the number of 245 

iterations and hence, the involved computational effort in TRA. After several iterations, 246 

final support force value corresponding to 𝛽 = 2 is estimated through TRA which is 247 

represented as TTRA (Section 2.2). TTRA will satisfy first and second acceptability criteria 248 

i.e. FOS ≥1.5 and 𝛽 ≥ 2.0. 249 

Most important part is to estimate support requirements for the rock slides mitigation using 250 

ARRA. Support estimation by ARRA is carried out by estimating distributions of 𝛽 as 251 

explained in section 2.3 for different values of support force trials (𝑇) in 𝐺(𝒙, 𝒚, 𝑇), till 252 

acceptability criterion of 𝑃𝐴𝐵𝛽𝑡 not exceeding 0.01 (1%) is met. For 𝑛 trials of support 253 

force, total number of slope stability analysis models required to be evaluated will be 𝑛 ×254 108(1 bootstrap analysis = 104 MC simulations; 104 bootstrap analysis = 108 MC 255 

simulations). Only way to reduce this computational effort is to reduce these support force 256 

trials i.e. 𝑛, which is possible through an appropriate guess for initial support force trial for 257 

ARRA i.e. 𝑇𝐴𝑅𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1.For this study, this is done by considering 𝑇𝐴𝑅𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1 = max(TDET, TTRA) 258 

which helped in reducing computational efforts significantly, which could otherwise be 259 

huge for any random guess of 𝑇𝐴𝑅𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1. TARRA will satisfy all acceptability criteria i.e. FOS 260 

≥1.5, 𝛽 ≥ 2.0 and 𝑃𝐴𝐵𝛽𝑡 ≤ 1% which is the final support i.e. TFinal. 261 

It is clear that present methodology provides three major advantages: 1) It can consider the 262 

uncertainty in statistical parameters of rock properties explicitly leading to accurate 263 

support estimation in the presence of limited data 2) Highly computationally efficient 3) 264 

Rock Practitioner will remain highly confident about the support design even in the 265 

presence of limited data, since all the popularly adopted acceptability criteria will 266 

automatically get satisfied. This is because the final adopted support (TFinal) inherently 267 

satisfies max(TDET, TTRA, TARRA). Final support force i.e. TFinal can then be distributed 268 

along the slopes using the rock bolts and anchors. All the relevant codes are written in 269 

MATLAB and are used for support estimation for the rock slides discussed in the next 270 

section. These codes can be provided to interested readers working in this field. 271 

 272 

4. Field Application of the Proposed Methodology 273 

Proposed methodology was used to design support measures for two potential rock-slides 274 

with different probable failure mechanisms along an important highway i.e. Rishikesh-275 

Badrinath highway situated in rock-slide prone Himalayan region of Uttarakhand, India. 276 

Figure 3 shows the site location considered in the study. This highway has significant 277 
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importance due to high pilgrimage and tourism activities and is important for socio-278 

economic development of the region. From several decades, frequent mass movement 279 

phenomena has been observed along this highway due to weak geological formation, steep 280 

slopes, highly dissected topography, seismically active area and high rainfall, causing the 281 

major hindrance to ongoing traffic (Sarkar et al., 2005; Kanungo et al., 2013; Shukla et al., 282 

2014). Efforts have been made by various researchers to assess the stability of slopes along 283 

this highway using landslide hazard zonation maps and providing required support 284 

measures for unstable slopes (Kanungo et al., 2013; Sarkar et al., 2018). However, massive 285 

rock-slides were observed very recently along some locations of the highway as shown in 286 

Fig. 4.  287 

4.1. Rock-Slide 1 288 

To identify the expected failure mechanism of this rock slide, kinematic analysis was 289 

carried out (Pain, 2012). Expected failure mechanism for this potential rock-slide is planar 290 

failure i.e. sliding of rock block along a pre-defined discontinuity plane. Major rock type 291 

present at the site is Quartzite with unit weight of rock (γ) = 26 kN/m3. Geometrical 292 

dimensions of the slope are considered deterministic in all approaches with values given in 293 

Table 1. Figure 5 shows the relevant dimensions provided in Table 1. Support design for 294 

this potential rock slide is carried out as described in flowchart of Fig. 2 and section 3. 295 

4.1.1. Derivation of Performance Function  296 

Performance function for this rock slide was derived analytically using Limit Equilibrium 297 

Method (LEM). However, unlike most of the previous studies, non-linearity in shear 298 

strength of critical discontinuity is taken into consideration by using Barton-Bandis 299 

strength criterion for discontinuity strength. This criterion is based on parameters like Joint 300 

Roughness Coefficient (JRC), Joint wall Compressive Strength (JCS) and residual friction 301 

angle (𝜙r) (Barton and Bandis, 1990).  Figure 5 shows a potential rock slide with 302 

possibility of planar failure and forces acting on this failing rock block. OABC is the 303 

sliding block of the rock which is sliding along discontinuity OC. The horizontal force due 304 

to water pressure in the tension crack is 𝑈1, and the uplift force due to water pressure along 305 

the critical failure/discontinuity plane is 𝑈2. An external stabilising bolt force 𝑇 is applied 306 

normal to the slope face OA, which will be inclined at an angle 𝛼 to the failure plane OC. 307 

By force equilibrium in direction normal (n) and parallel (s) to joint plane i.e. ∑ 𝐹𝑛 =308 0 & ∑ 𝐹𝑠 = 0, the general expression for the factor of safety of the rock slope is evaluated 309 

as: 310 
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𝐹𝑂𝑆 =  𝐹𝑟𝑒𝑠𝑖𝑠𝑡𝑖𝑛𝑔𝐹𝑑𝑟𝑖𝑣𝑖𝑛𝑔  = 𝜎𝑛 × tan [𝜙𝑟 + 𝐽𝑅𝐶𝑛 × 𝑙𝑜𝑔 (𝐽𝐶𝑆𝑛𝜎𝑛 )]𝜏𝑠                    (14) 311 

where, normal stress (𝜎𝑛 ) can be expressed as:  312 𝜎𝑛 = 𝑊{(1 − 𝛼𝑣) cos(𝜃𝑝) − 𝛼ℎsin (𝜃𝑝)} − 𝑈1 sin(𝜃𝑝) −  𝑈2 + 𝑇 cos(𝛼)(𝐻 − 𝑍) 𝑐𝑜𝑠𝑒𝑐(𝜃𝑝)        (15) 313 

where, driving shear stress (𝜏𝑠) can be expressed as:  314 𝜏𝑠 = 𝑊{(1 − 𝛼𝑣) sin(𝜃𝑝) + 𝛼ℎcos (𝜃𝑝)} + 𝑈1 cos(𝜃𝑝) − 𝑇 sin(𝛼)(𝐻 − 𝑍) 𝑐𝑜𝑠𝑒𝑐(𝜃𝑝)     (16) 315 

where, weight of sliding block OABC can be expressed in term of unit weight of rock (γ) 316 

and slope geometrical parameters shown in Fig. 5 as:  317 𝑊 = 12 𝛾𝐻2 × [{1 − (𝑍𝐻)2} 𝑐𝑜𝑡(𝜃𝑝) − 𝑐𝑜𝑡(𝜃𝑓)]            (17) 318 

Water pressure along tension crack (𝑈1) and along rock discontinuity (𝑈2) can be 319 

expressed in terms of unit weight of water (𝛾𝑤)and slope dimensions as: 320 𝑈1 = 12 𝛾𝑤𝑍𝑤2;    𝑈2 = 12 𝛾𝑤𝑍𝑤 × (𝐻 − 𝑍)𝑐𝑜𝑠𝑒𝑐(𝜃𝑝)       (18) 321 

Where 𝑍 = Depth of tension crack; 𝑍𝑤 = Depth of water inside tension crack; 𝛼ℎ, 𝛼𝑣= 322 

Horizontal and vertical seismic coefficients. 323 

4.1.2. Estimation of Rock Properties 324 

Required rock properties i.e. properties for critical discontinuity (for this case) were 325 

estimated using ISRM suggested standard methods. Laboratory scale JCS (𝐽𝐶𝑆0) values 326 

along the discontinuity wall were estimated using N-type Schmidt Rebound Hammer Test 327 

(Aydin, 2009) which were later converted to L-type Schmidt Rebound values (Aydin and 328 

Basu, 2005). Laboratory Scale JRC (𝐽𝑅𝐶0) values were estimated by comparing joint 329 

profiles with the standard roughness profiles suggested by Barton and Choubey (1977). 330 

Once 𝐽𝑅𝐶0 and 𝐽𝐶𝑆0 are estimated for laboratory scale sample of length (𝐿0), corrections 331 

are applied to get 𝐽𝑅𝐶𝑛 and 𝐽𝐶𝑆𝑛 for in-situ block size (𝐿𝑛) using following relations: 332 𝐽𝑅𝐶𝑛 = 𝐽𝑅𝐶0 (𝐿𝑛𝐿0)−0.02𝐽𝑅𝐶0 ;  𝐽𝐶𝑆𝑛 = 𝐽𝐶𝑆0 (𝐿𝑛𝐿0)−0.03𝐽𝑅𝐶0          (19) 333 

Residual friction angle (𝜙r) was estimated by first carrying out direct shear test on planar 334 

fresh discontinuity to get basic friction angle (𝜙b) and then converting it to 𝜙r using 335 

Schmidt rebound values for fresh (𝑅) and weathered discontinuity surfaces (𝑟) based 336 

correction given as  337 𝜙r = (𝜙b − 20) + 20 (𝑟 𝑅⁄ )                  (20) 338 
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Table 2 summarises the original data set for 𝐽𝑅𝐶𝑛, 𝐽𝐶𝑆𝑛 and residual friction angle (𝜙r) 339 

estimated for the critical discontinuity. 340 

4.1.3.Estimation of Uncertainty in Rock Properties 341 

a) Estimation of Uncertainty in Rock Properties using Original Data 342 

Table 3 shows the summary of the estimated mean, SD and best PD of 𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 𝜙r 343 

from the original data provided in Table 2 as suggested in section 2.1a.  344 

b) Estimation of Uncertainty in Mean, SD and PD of Rock Properties due to Limited 345 

Data Availability 346 

Uncertainty in mean, SD and PD for these discontinuity properties i.e. 𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 𝜙r 347 

is estimated by performing bootstrap analysis (section 2.1b). A total of 10,000 number of 348 

bootstrap analysis (𝑁𝑠) is carried out to get the converged results. Figure 6 shows PDs of 349 

the sample mean and sample SD of 𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 𝜙r. Table 4 shows the statistical 350 

parameters i.e. bootstrap mean and bootstrap SD of sample mean and sample SD. It can be 351 

observed that bootstrap mean of the sample mean and sample SD are close to the sample 352 

mean and sample SD of all discontinuity properties estimated from the original data set 353 

(Table 3). However, there is bootstrap SD associated with sample mean and sample SD 354 

which shows that significant uncertainty in the estimated statistical parameters (mean and 355 

SD) exists when limited original test data is available. For this rock slide, uncertainty 356 

associated with statistical parameters of 𝐽𝐶𝑆𝑛 is highest and 𝐽𝑅𝐶𝑛 is lowest.  357 

Uncertainty in PDs of  𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 𝜙r are also estimated by generating 10,000 values 358 

of 𝐴𝐼𝐶𝐷 values for each candidate PD. Candidate PDs for these properties are decided on 359 

the basis of literature (Duzgun and Bhasin, 2009) and goodness of fit test results. 360 

Candidate PDs for 𝐽𝐶𝑆𝑛 are Normal, Lognormal, Weibull and Gamma; 𝐽𝑅𝐶𝑛 are Normal, 361 

Lognormal, Weibull and Uniform; 𝜙r are Normal, Lognormal, Weibull and Gamma. 362 

Figure 7 shows the PDs of 𝐴𝐼𝐶𝐷values associated with candidate PDs for 𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 363 𝜙r after kernel density smoothing. Bootstrap mean and SD of 𝐴𝐼𝐶𝐷values are provided in 364 

Table 5. It can be observed that Bootstrap SD for 𝐴𝐼𝐶𝐷 is significant which shows the 365 

associated high uncertainty in the estimated PDs of discontinuity properties when limited 366 

data is available. For this case study, it was observed that bootstrap SD was highest for 367 𝐽𝐶𝑆𝑛 and lowest for 𝐽𝑅𝐶𝑛 values showing that uncertainty associated with PDs of 𝐽𝐶𝑆𝑛is 368 

highest.  369 

Further, probability of best fit distribution of a particular PD was also evaluated by taking 370 

ratio of number of times a PD was selected as best fit during 𝑁𝑠 bootstrap sampling to the 371 
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total number of bootstrap samples i.e. 𝑁𝑠=10000 for this case (Table 6). For 𝐽𝑅𝐶𝑛, 372 

Uniform distribution is found to be best-fit PDF with 94.43% probability. For 𝐽𝐶𝑆𝑛, 373 

Lognormal distribution is found to be best-fit PDF with 65.89% probability. Lognormal 374 

distribution has high probability of being best-fit PDF for 𝜙r, with 41.34% probability. 375 

Most likely probability distribution for 𝜙r is different from the best fit probability 376 

distribution evaluated from original data set which was Gamma distribution. This shows 377 

that significant inaccuracy exists regarding the evaluation of best fit probability 378 

distribution for a random variable (discontinuity property) in the presence of limited test 379 

data which can lead to inaccurate estimation of reliability index in traditional reliability 380 

analysis which is based on PD evaluated using original data set. 381 

4.1.4. Evaluation of Potential Rock Slide Stability under In-Situ Condition 382 

Stability analysis of this potential rock slide is carried out using different approaches under 383 

in-situ condition without any support (𝑇 = 0) to ascertain the requirement of support for 384 

rock slide mitigation. Table 3 shows the statistical parameters and PD of the critical 385 

discontinuity property along with that of external seismic force (IS:1893, 2002) and depth 386 

of water in tension crack. PD of 𝛼ℎ and depth of water in the tension crack (𝑍𝑤) was 387 

assumed to follow exponential distribution (Ahmadabadi and Poisel, 2016). 388 

Deterministic analysis is carried out to estimate FOS by using mean values of geometrical 389 

dimensions of slope, rock properties and external forces (Table 1 and Table 3) in derived 390 

expression of performance function (Eqs. (14)-(18)). Traditional reliability analysis is 391 

carried out by estimating 10,000 values of FOS for 10,000 random realisations of rock 392 

properties and external forces based on their statistical parameters and PDs (Table 3) using 393 

Monte-Carlo simulation (MCs). Reliability index (𝛽) can be estimated using mean of FOS 394 

(𝜇𝐹𝑂𝑆) and SD of FOS (𝜎𝐹𝑂𝑆) using Eq. (13). Advanced Re-Sampling Reliability Analysis 395 

(ARRA) is carried out by generating 10,000 bootstrap samples of rock properties i.e. 𝐽𝐶𝑆𝑛, 396 𝐽𝑅𝐶𝑛 and 𝜙r from original data given in Table 2. For each bootstrap sample, reliability 397 

analysis is carried out by performing 10,000 MCs similar to traditional reliability analysis 398 

using Eqs. (14)-(18). For each bootstrap sample, effect of water pressure and seismic 399 

forces is considered similar to the traditional reliability analysis. This process is repeated 400 

for 10,000 bootstrap samples giving 10,000 values of 𝛽 through which the PD of 𝛽 can be 401 

evaluated. 402 

Factor of Safety (FOS) estimated from the deterministic analysis is 1.12. Distribution of 403 

the FOS obtained from traditional reliability analysis is shown in Fig. 8 and corresponding 404 
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reliability index is 0.61. For ARRA, Table 7 and Fig. 9 provide the details of the 405 

distribution of statistical parameters of FOS and reliability index (𝛽) for in-situ 406 

unreinforced case. It can be observed from Fig. 9 that estimated area under PD curve of 407 𝛽 for 𝛽 less than 2 i.e. 𝑃𝐴𝐵𝛽𝑡 is approximately 100% i.e. much higher than acceptable value 408 

of 1%. It can be seen that slope under in-situ conditions does not meet any of the 409 

acceptability criteria mentioned in step 4 of section 3, hence requires external support for 410 

stabilization. 411 

4.1.5.Support Estimation for Rock Slide Mitigation 412 

Initially, support is estimated by deterministic approach using derived performance 413 

function in section 4.1.1 with mean values of rock properties and external forces (Table 3) 414 

as explained in step 5 (section 3). Required support force estimated using deterministic 415 

approach corresponding to the target FOS of 1.5 (TDET) is 2951 kN. However, this support 416 

was not enough to fulfill the acceptability criteria for traditional reliability analysis as the 417 

estimated 𝛽 was found to be 1.77 much lesser than 2.0. Hence, support force was revised 418 

using TRA as described in section 2.2 with initial support force trial value i.e. 𝑇𝑇𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1 =419 𝑇𝐷𝐸𝑇 = 2951 kN. After several iterations required, summarized in Table 8, support force to 420 

fulfill the acceptability criterion of𝛽=2.0i.e. TTRA was found to be 3640 kN. 421 

Support estimation is then carried out using ARRA as explained in step 5 of section 3 with 422 

initial support force trail i.e.𝑇𝐴𝑅𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1= max (TDET, TTRA) =max (2951, 3640)=3640 kN. For 423 

this initial trial support force, area under PD curve of 𝛽 for 𝛽<2 i.e. 𝑃𝐴𝐵𝛽𝑡 was estimated as 424 

approximately 0.50 (50%) which was considerably lower than unsupported slope (Fig. 10). 425 

Still the value of 𝑃𝐴𝐵𝛽𝑡 was much higher than the acceptable value of 0.01 (1%). Hence, 426 

trials were made with increased support force and the support force required to fulfill the 427 

acceptability criterion i.e. 𝑃𝐴𝐵𝛽𝑡< 1 % was found to be 4520 kN (Fig. 10). Table 7 also 428 

shows the significant improvement in confidence interval (CI) of the 𝛽 for the slope 429 

supported with TFinal = 4520 kN as compared to slope under in-situ condition. 430 

It is suggested to distribute this support force along the slope face using 32 mm diameter 431 

rock bolts of 100 kN tensile capacity with c/c vertical spacing of 4 m as shown in Fig. 11. 432 

All the rock bolts should be pre-tensioned to the 80% of their tensile capacity to restrain 433 

any movement of the rock blocks along the critical discontinuity. Rocks bolts are 434 

suggested to be installed in the 100 mm diameter boreholes drilled perpendicular to the 435 

slope face with the trend of ±180° with minimum grout cover of 25 mm placed between 436 

rock and bolts. Further, to ensure long life of the rock bolts, the rock bolts were applied 437 
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with corrosion inhibitor solution. Additionally, to mitigate any shallow slides, a shotcrete 438 

cover of 100 mm in two layers of 50 mm each is suggested to be applied. 439 

4.2. Rock Slide 2 440 

Similar to the rock slide 1, kinematic analysis was carried out for this potential rock slide 441 

and it was observed that the possible failure mechanism for this potential rock slide is 442 

wedge failure (Pain, 2012). The major rock type present at the site is Dolomite (unit weight 443 

γ=25 kN/m3). Geometrical dimensions of this potential rock slide are given in Table 9 and 444 

Fig. 12 shows the pictorial representation of these dimensions. Support design for this 445 

potential rock slide is carried out as described in Fig. 2 and section 3. This case study is 446 

explained briefly due to length limitation of the paper and hence only important results are 447 

provided. However, more details for this case study can be provided to the interested 448 

readers. 449 

4.2.1. Derivation of Performance Function 450 

Performance function for this rock slide was also derived analytically using Limit 451 

Equilibrium Method (LEM). Let us assume a potential rock slide showing the possibility of 452 

wedge failure and forces acting on the failing rock block as shown in Fig. 12. Force 453 

equilibrium in the directions of 𝑠, 𝑛 and 𝑡 i.e. ∑ 𝐹𝑠 = 0 , ∑ 𝐹𝑛 = 0 and ∑ 𝐹𝑡 = 0 are 454 

considered and the general expression for the FOS of the rock slope against wedge failure 455 

is evaluated as given in Eqs. (21)-(22) below.  456 𝐹𝑂𝑆457 

= 𝑁1tan [𝜙𝑟1 + 𝐽𝑅𝐶𝑛1 × 𝑙𝑜𝑔 (𝐽𝐶𝑆𝑛1×𝐴1𝑁1 )] + 𝑁2tan [𝜙𝑟2 + 𝐽𝑅𝐶𝑛2 × 𝑙𝑜𝑔 (𝐽𝐶𝑆𝑛2×𝐴2𝑁2 )]𝑊 ((1 − 𝛼𝑣) 𝑠𝑖𝑛𝐷𝑖 + 𝛼ℎ 𝑐𝑜𝑠𝐷𝑖)  −  𝑇 𝑠𝑖𝑛𝛼            (21) 458 

Where 𝑁1 and 𝑁2 are the normal forces acting normal to the critical discontinuities 1 and 2, 459 𝐽𝑅𝐶𝑛1 and 𝐽𝑅𝐶𝑛2 are Joint Roughness Coefficient values for critical discontinuities 1 and 460 

2, 𝐽𝐶𝑆𝑛1 and 𝐽𝐶𝑆𝑛2 are Joint wall Compressive Strength values for critical discontinuities 1 461 

and 2, 𝜙𝑟1 and 𝜙𝑟2 are residual friction angle values for critical discontinuities 1 and 2, 462 𝐴1and 𝐴2 are sliding planes area for discontinuities 1 and 2, and 𝐷𝑖 is dip of intersection 463 

line of discontinuities 1 and 2.  464 

And also, 465 𝑈1 =  16 𝛾𝑤𝑍𝑖 × 𝐴1 ;  𝑈2 =  16 𝛾𝑤𝑍𝑖 × 𝐴2              (22) 466 

The uplift forces due to water pressure along discontinuity plane 1 and 2 are 𝑈1 and 𝑈2, 467 

respectively. An external stabilising bolt force 𝑇is inclined at an angle 𝛼 to normal along 468 

the intersection line. 𝑍𝑖 is the vertical depth of water along intersection line.  469 
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4.2.2. Estimation of Rock Properties 470 

Table 10 summarises the original test data set for 𝐽𝐶𝑆𝑛, 𝐽𝑅𝐶𝑛 and 𝜙r for both critical 471 

discontinuities estimated using similar methodology as explained in section 4.1.2. 472 

4.2.3. Estimation of Uncertainty in Rock Properties 473 

Table 11 summarizes the statistical parameters of the discontinuity properties estimated 474 

from the original data set similar to the previous case study (section 4.1.3 a). 475 

Further, it was observed that significant uncertainty exists in statistical parameters of rock 476 

properties in the presence of limited test data as shown in Fig. 13. Estimation of this 477 

uncertainty is carried out in a similar way as previous case study described in section 4.1.3. 478 

4.2.4. Evaluation of Potential Rock Slide Stability under In-Situ Condition 479 

Analysis for unsupported slope is carried out in a similar manner as that of previous case 480 

study using performance function derived in section 4.2.1. FOS estimated by deterministic 481 

analysis was 1.11. Reliability index (𝛽) estimated by traditional reliability was 0.41. For 482 

ARRA, Fig. 14 shows the distribution of 𝛽 and Table 12 summarises the result for CI of 𝛽 483 

under unsupported in-situ condition. It is clear that slope does not meet any defined 484 

acceptability criteria under in-situ condition. 485 

4.2.5. Support Estimation for Rock Slide Mitigation 486 

Support is estimated for this case study in the similar manner as explained for previous 487 

case study using performance function derived in section 4.2.1. Magnitude of estimated 488 

TDET and TTRA are 17,255 kN and 23,300 kN respectively. For ARRA, initial trial i.e. 489 𝑇𝐴𝑅𝑅𝐴𝑡𝑟𝑖𝑎𝑙 1 is considered as max(TDET, TTRA) which is 23,300 kN. Final value of the required 490 

support force i.e. TARRA = TFinal was 25,200 kN estimated after several trials. Figure 14 and 491 

Table 12 shows the significant improvement in the PD and CI of 𝛽 for supported slope as 492 

compared to unsupported slope under in-situ condition. Figure 15 shows the remedial 493 

design suggested to mitigate this rock slide in the field similar to the previous rock slide 494 

case.  495 

5. Summary and Concluding Remarks 496 

This paper proposes an advanced reliability based methodology to design accurate support 497 

measures for mitigation of potential rock slides along Indian Himalayan highways in the 498 

presence of uncertain rock properties with limited test (investigation) data. Proposed 499 

methodology is based on advanced re-sampling reliability analysis (ARRA) which couples 500 

inverse reliability and traditional deterministic approaches to achieve the better 501 

computational efficiency and accuracy. Proposed methodology was demonstrated for the 502 
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support design of two potential rock slides along the Rishikesh - Badrinath highway.  503 

Significant uncertainties (COV of 50%) were estimated in the statistical parameters of rock 504 

properties, which restricted the usage of deterministic and inverse reliability approaches. It 505 

was concluded that uncertainties in input parameter (rock properties) distribution type and 506 

its parameters significantly affect the reliability index and the estimated support for rock 507 

slopes. Further, rock designers can remain more confident and informed about the designed 508 

support measures using proposed methodology, since the results are obtained as the 509 

reliability index interval instead of a fixed value and also the estimated support meets all 510 

the acceptability criteria. For the considered case studies, reliability index intervals were 511 

improved to [1.9887, 2.4209] and [1.9999, 2.2524] for the supported slopes, as compared 512 

to [0.3518, 0.8341] and [0.2840, 0.5233] respectively for natural slopes, corresponding to 513 

the confidence interval of 0.5–99.5%. 514 

There are some limitations and important points to note regarding the present study. In the 515 

present study, case studies considered are of structurally-controlled rock slides; however, 516 

support estimate for stress-controlled circular rock-slides can also be made similarly. 517 

Support estimates for rock-slides mitigation by the proposed methodology highly depends 518 

on the adopted “acceptability criteria”. Acceptability criteria will depend on the 519 

practitioner’s confidence on the data and importance of the project. This methodology is 520 

efficient when the data available for a rock property is small (<30). For large number of 521 

samples, traditional approaches will be sufficiently accurate. Proposed methodology does 522 

not consider observational and transformational uncertainties associated with the 523 

estimation of different rock properties. They can be considered in future studies. 524 
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Figure 1

Illustration of locating MPTP during TRA



Figure 2

Flowchart of the proposed methodology describing involved calculation steps



Figure 3

Location of the potential rock slides Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 4

Pictures of the recent rock slide (29th April, 2015) nearby to the studied locations (Sarkar et al., 2018) (a)
Crushed boulders and fragments of a big rock block blocking the highway (b) Crushed boulders and
fragments inside the Alaknanda River (c) Possible mode of rock slide is Planar along an outwardly
dipping joint



Figure 5

Details of the geometry and forces acting on the potential rock slide 1 undergoing planar failure mode



Figure 6

Probability distributions of the (a) sample mean of r, (b) sample SD of r, (c) sample mean of JRCn, (d)
sample SD of JRCn, (e) sample mean of JCSn and (f) sample SD of JCSn



Figure 7

Probability distributions of AICD for (a) r, (b) JRCn and (c) JCSn



Figure 8

Probability distribution of FOSevaluated using traditional reliability analysis for potential Rock Slide 1



Figure 9

Probability distributions of (a) sample mean of FOS, (b) sample SD of FOS and(c) reliability index
evaluated by ARRA for potential Rock Slide 1



Figure 10

Probability distribution of the reliability index evaluated from ARRA for potential rock slide 1 under
different conditions



Figure 11

Details of the remedial measures suggested to mitigate rock slide 1

Figure 12

Details of the geometry and forces acting on the potential rock slide 2 undergoing wedge failure mode



Figure 13

Probability distributions of the (a) sample mean of r1, (b) sample SD of r1, (c) sample mean of r2, (d)
sample SD of r2, (e) AICD forr1 and (f) AICD for r2 (only the variation in statistical parameters of r for
both discontinuity planes are shown)



Figure 14

Probability distribution of the reliability index evaluated from ARRA for potential rock slide 2 under
different conditions



Figure 15

Details of the remedial measures suggested to mitigate rock slide 2


