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Abstract 

A method for risk-based design under high stress conditions is described in this paper. Probabilistic methods 
of analysis are applied to stress modelling to determine the probability of exceeding a given depth of failure. 
Suggestions are provided for dealing with geotechnical uncertainty. The understanding of aleatory variability 
can be improved by collecting more data and improving the quality of data through training and quality 
control. Stress and model uncertainty remain a challenge in geotechnical engineering. Some degree of 
subjective engineering judgement will therefore always be required in geotechnical design. 

An economic risk model is used to determine the frequency and severity of the consequences of stress damage. 
The cost of rehabilitation of tunnels and the financial losses due to lost production are assessed using the 
model. A typical risk matrix is used to evaluate the level of risk. Different types of excavations have different 
risk profiles based on the potential impact on production. The design engineer can use the model to determine 
design criteria for stress damage. The risk can be mitigated through improved support or by changing the 
mining layout. These measures both have financial implications and the economic risk model is useful for 
decision making. 

A brief discussion on risk-based design criteria for rockbursts is also included. 

Keywords: risk-based design, probabilistic design, uncertainty 

1 Introduction 

In underground mines, the design engineer needs to deal with uncertainty in many forms. Uncertainty is 
commonly categorised as epistemic and aleatory. Baecher & Christian (2003) describe aleatory uncertainty 
as random variations or the natural variability occurring in the world, while epistemic uncertainty represents 
the unknown, due to lack of knowledge. The sources of uncertainty include natural variability in rock mass 
properties, insufficient data, measurement errors, sampling bias, load uncertainty, model simplifications and 
assumptions (Hadjigeorgiou & Harrison 2011; Contreras & Ruest 2016; Brown 2012). The understanding of 
natural variability improves with more representative and better quality data, but dealing with epistemic 
uncertainty requires engineering judgement and experience. A high degree of epistemic uncertainty is 
expected in geotechnical design and therefore subjective engineering judgement is unavoidable. 

The philosophy provided by Vick (2002) where he distinguishes between a ‘relative frequency approach’ and 
a ‘subjective, degree of belief approach’ is useful: 

 Relative frequency approach: The probability of an uncertain event is its relative frequency of 
occurrence in repeated trials or experimental sampling of the outcome. 

 Subjective, degree of belief approach: The probability of an uncertain event is the quantified 
measure of one’s belief or confidence in the outcome, according to their state of knowledge at the 
time it is assessed. 

Many powerful methods for evaluating uncertainty and probabilistic analysis of geotechnical stability have 
been developed over the years (Baecher & Christian 2003; Harr 1996; Rosenblueth 1981; Rosenblueth 1975; 
Bradley 2007; Kroese & Rubinstein 2012; Brown 2012; Contreras & Ruest 2016) and there are several 
examples of application in slopes (Tapia et al. 2007; Steffen et al. 2008; Contreras 2015; Chiwaye & Stacey 
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2010; Wesseloo & Read 2009; Terbrugge et al. 2006) and underground excavations (Valley et al. 2010; Lü & 
Low 2011a; Lü et al. 2012; Lü & Low 2011b; Langford & Diederichs 2015; Joughin et al. 2012; Joughin et al. 
2016; Abdellah et al. 2014; Joughin et al. 2000). Despite this, these methods are not widely applied in 
underground mining geotechnical design and deterministic methods are generally preferred. This is partly 
due to the additional effort required for probabilistic analyses and a lack of tools to make such analysis easily 
achievable on a mine site. Another stumbling block seems to be the lack of prescribed ‘acceptable 
probabilities of failure’ which serves as a design acceptance criteria. 

Universal acceptance criteria are not useful, because the probability of failure, on its own, has little meaning 
within the mining context as the important factor that needs to be managed is not failure, but risk. In mining, 
failure with limited adverse consequence is preferable to unnecessary stability at a high cost. Hence a 
risk-based design approach needs to be applied, where the acceptance criteria is defined in terms of risk and 
therefore includes probabilistic assessment and risk evaluation components. The risk evaluation process 
requires some practical understanding of the potential consequences. 

Figure 1 illustrates the relationship between Factor of Safety (FS), probability of failure (PF) and risk as design 
acceptance criteria within the design process. Due to the simplicity and general accepted nature of FS design, 
the FS assessment is seen as the first step in performing any engineering design. Based on very low values of 
FS, one may deem the design unacceptable and improve on the design, or in cases where other 
considerations dictate the design, a very high FS may be sufficient to accept the design. In some 
circumstances, especially in cases where potential for optimisation exists, the reliability of the design needs 
to be quantified. Similar to FS, a low or high PF may be sufficient to deem the associated risk inconsequential 
or unacceptably high. 

 

Figure 1 Relationship between FS, PF and risk as design acceptance criterion within the design process 

(Wesseloo, pers. comm., 2017) 

Decision making based on FS or PF is often limited to the geotechnical team. The geotechnical team then 
implicitly accepts a risk profile without quantification. For some designs in the mine, this may not be 
acceptable and the risk associated with a design should be quantified. In such cases the design acceptance 
criteria should be dictated by management through the company risk profile. 

The risk assessment provides a context as well as an accepted risk level to which the engineer needs to design. 
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Most mining companies utilise risk matrices, such as Figure 2, to define acceptance criteria for risk 
assessments, which usually involves a great deal of engineering judgement and estimation. The likelihood of 
an event occurring (rare to certain) and the severity of the consequences (insignificant to catastrophic) form 
the rows and columns of the matrix and the intersections determine level of risk (low to extreme). While the 
category names for the levels of likelihood, severity and risk are fairly universal, the boundaries of these 
categories do vary significantly. The scales are usually qualitative or semi-quantitative and are often updated 
with time (Brown 2012). Economic risk tolerances may vary depending on the size of the operation. 
Likelihood categories can be described in terms of probabilities, time periods or simply qualitative 
descriptions. Applying different likelihood boundaries will influence the interpretation of levels of risk. Some 
authors have suggested using risk matrices for risk evaluation (Brown 2012; Abdellah et al. 2014; Contreras 
2015; Joughin et al. 2016), but the subjective nature of these risk matrices can lead to different 
interpretations. 

Likelihood Severity of consequences 

Insignificant 

> $1,000 

Minor 

> $10,000 

Moderate 

> $100,000 

Major 

> $1,000,000 

Catastrophic 

> $10,000,000 

Daily to weekly High High Extreme Extreme Extreme 

> Monthly Medium High High Extreme Extreme 

> Annually Low Medium High Extreme Extreme 

> 1 in 10 years Low Low Medium High Extreme 

Rare Low Low Medium Medium High 

Figure 2 Risk matrix 

For this paper, the risk matrix in Figure 2 was selected because time intervals are used to define the 
boundaries of likelihood categories. This enables a more practical interpretation of likelihood, but it is then 
necessary to convert probabilities into normalised expected frequencies. Weekly, monthly and annual 
frequencies can then be determined. 

An approach to the risk-based geotechnical design under high stress conditions is described in terms of 
dealing with data uncertainty, probabilistic numerical analysis and risk evaluation. A brief discussion on 
risk-based design criteria for rockbursts is also included. 

2 Evaluating economic risk due to stress damage 

The risk-based design process is described using a conceptual layout for a sublevel of a primary/secondary 
longhole stoping method (Figure 3). The tunnels are typically 5 x 5 m cross-sections with an arched roof. 

The input data and associated uncertainty is described in Section 2.1, followed by the probabilistic numerical 
analysis (Section 2.2). A statistical approach is then used to determine the daily frequency and extent of 
excessive damage (Section 2.3). 
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Figure 3 Conceptual mining layout for a primary/secondary longhole stoping sublevel 

Excessive stress damage is defined as deformation in excess of the capacity of the support, or the tunnel 
converges to such an extent that mobile equipment cannot pass and it is then necessary to rehabilitate the tunnel 
(Figure 4). In section 2.4, cost of damage is evaluated, taking the cost of rehabilitation (removing failed rock and 
re-supporting the tunnel) and the lost revenue as a result of production interruptions during rehabilitation. The 
risk is then evaluated by comparing cumulative frequency-loss distributions with the risk (Figure 2). 

  

Figure 4 Operational and non-operational stress damaged tunnels (photograph courtesy Brad Simser) 

In practice the deformation takes place over time, which enables the safety risk to be managed through 
convergence and visual monitoring. A method for estimating the risk of injuries was presented by Joughin 
et al. (2012). 

2.1 Input data 

Rock mass characteristics and intact rock strength properties should be collected for the probabilistic stress 
analysis (Section 2.2). Increasing the amount and quality of data will improve the confidence in the 
understanding of the natural variability. It is important to note that this usually increases the variability, as the 
sample size becomes more representative of the entire population. As a result there is often a tendency to 
underestimate the natural variability, when there is limited data and it may then be necessary to increase the 
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variability using experience and judgement. Confidence intervals of the observed mean (typically 95%) provide 
an estimate of the range of the true population mean. The use of confidence intervals to validate the data sets 
has been discussed by various authors (Baecher & Christian 2003; Hadjigeorgiou & Harrison 2011; Contreras & 
Ruest 2016). Unconventional methods, such as Bayesian statistics may provide a better way of quantifying 
uncertainty (Brown 2012; Contreras & Ruest 2016), but applications are still being developed in geotechnical 
engineering and tools are not yet readily available. Experience and engineering judgement is essential. 

The Hoek-Brown strength criterion was used (Hoek et al. 2002). The Geological Strength Index (GSI) (Marinos 
& Hoek 2000; Marinos et al. 2005) can be estimated from geotechnical core logging either directly or by 
converting from the raw inputs of other rock mass classification systems (Hoek et al. 2013). It is important to 
composite the GSI data over regular intervals representative of the problem dimension. This is necessary to 
build a probabilistic model of GSI that captures the variance of the GSI parameter at the scale of the problem. 
In the case of a 5 m wide tunnel, the interval length should be between 3 to 10 m (Figure 5). These interval 
lengths should be used when estimating the frequency and extent of damage (Section 2.2). 

Intact rock strength should be estimated from laboratory tests (uniaxial compressive strength (UCS), triaxial 
compressive strength (TCS), with at least three different confinements, and Brazilian (BTS) and/or direct 
tensile tests (DTS). The Hoek-Brown strength envelope for intact rock should be fitted and in this study the 
mi was assumed to be constant. Assuming a constant mi allows one to calculate the equivalent UCS value for 
each of the data points and obtain a distribution capturing the variance of the strength envelope. 

The rock mass and intact rock strength properties used in this analysis were selected from mining project, 
which will be developed in a competent igneous rock mass (Figure 6). 

 

Figure 5 Determining the variability of GSI 
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Figure 6 GSI and UCS probability density function 

Geometric effects, such as overbreak (as a result of poor blasting) can also be represented in the analyses. 
Underground measurements of tunnel profiles should be used to determine the overbreak variability. In the 
absence of actual data, typical values can be used and a triangular distribution can be applied. 

Stress uncertainty can have a significant influence on the results of the analyses. Often stress data is limited 
or not available. Errors are also common in the available stress measurements and it is often not easy to 
determine whether variability is representative or due to errors. Generally the magnitude of the vertical 
stress can be estimated with some degree of confidence, but a greater degree of uncertainty is associated 
with the maximum and minimum horizontal stresses. Principal stress orientations are often not known with 
certainty. The stress uncertainty for this analysis is represented in Figure 7. Stress measurements, 
underground observations and local knowledge should be used to guide the shape of the distribution. 

 

 

Figure 7 Probability distributions of stress uncertainty 
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If any of the input variables are correlated, then the correlation coefficients should be determined. GSI and 
UCS are usually not correlated, but it is important to test. The overbreak variable is meant to be related to 
poor blasting, but the GSI or rock strength could possibly influence the extent of overbreak. Some 
probabilistic methods are not applicable when there is a correlation between input parameters and in others, 
such as the Point Estimate Method (Section 2.2), this needs to be taken into account. It is usually better to 
design the probabilistic stress analysis with input variables that are not correlated. 

2.2 Probabilistic stress analysis 

In probabilistic analyses, the Monte-Carlo (MC) approach (Kroese & Rubinstein 2012) is the best known and 
most widely used. However, numerical modelling, particularly elasto-plastic methods, require long solution 
times and it is generally not practical to run many models and therefore alternate methods are more typically 
used. Three methods, namely the Point Estimate Method (PEM) (Rosenblueth 1975; Rosenblueth 1981; Harr 
1996; Christian & Baecher 1999; Valley et al. 2010; Christian & Baecher 2002), response surface method 
(RSM) (Bradley 2007; Langford & Diederichs 2015; Lü & Low 2011b), and the response influence factor (RIF) 
(Tapia et al. 2007; Wesseloo & Read 2009; Chiwaye & Stacey 2010; Steffen et al. 2008; Joughin et al. 2016) 
are more often used to perform probabilistic analysis computational efficiency is critical. 

An efficient probabilistic analysis approach, which utilises elastic modelling and the principle of superposition 
of load effects has been developed in an mXrap (Harris & Wesseloo 2015) app (Wesseloo 2016). It is 
considered that the loads and their resulting effects can be added or subtracted providing that the structure 
behaves as a linear elastic material. Unit stress analyses are conducted for each component of the stress 
tensor. The analysis for this example was performed in Map3D Fault Slip (Wiles 2016). The results are 
imported into the mXrap app and the resultant induced stress for any given field stress can be calculated 
using the method of elastic stress superposition (Wesseloo 2016). This novel approach enables complex mine 
geometries to be modelled and a rigorous MC Simulation to be performed with minimal computer time. 

Figure 8 shows the model geometry used to determine the stress acting on a primary stope drive during the 
extraction of primary stopes. The MC analysis was carried out using the results of the unit stress elastic 
models with frequency distributions of UCS, GSI, stress magnitudes and orientations (Section 2.1). The  
Hoek–Brown strength factor was used to determine the depth of failure in each iteration of the MC solution. 

 

Figure 8 Isometric view of the model geometry 

The results of the probabilistic stress analysis for primary stope drives is presented in Figure 9 in terms of 
probability of stress damage. The central primary stope drive is the one of interest for the analysis. At this 
stage in the model, the secondary stopes experience less damage and the outer primary stope drives 
experience more damage, but the stress grid is adjacent to the stope indicating brow effects. These results 
can be used to determine the probability of a given depth of failure. 
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Figure 9 Probability of stress damage around a stope drive 

The anticipated deformation can be estimated by multiplying the depth of failure by the appropriate bulking 
factor in Table 1 (Kaiser et al. 1995). Cumulative probability distributions of deformation for stope drives and the 
access ramp, determined using this method, are presented in Figure 10. The letters A, B, and C represent the 
support systems described in Table 1, where A has the lowest load capacity and C has the highest load capacity. 

 

 

Figure 10 Cumulative probability distributions of deformation (stope drive and access drive) 
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Table 1 Rock mass bulking factors (BF) (Kaiser et al. 1995) 

Location and support condition Average support 
load capacity 
(kN/m2) 

Recommended 
bulking factor 
(BF) 

Severity of 
anticipated 
damage 

Floor heave 0 30 ± 5% 
> 50% 

Minor to moderate 
Major 

Walls and backs 
Light standard bolting and loose, light mesh 

< 50 10 ± 3% Minor to moderate 

Yielding support < 200 5 ± 1% Minor to major 

Strong support with rock mass 
reinforcement 

> 200 1.5 ± 0.5% Minor to major 

The access ramp being situated further from the active stoping has more favourable cumulative probability 
distributions of deformation, which is expected. The support system needs to be designed (length, strength, 
and ductility of bolts and containment support) to cater for a specified deformation using experience and 
engineering judgement. Alternatively, the design engineer may choose to modify the mining layout or 
sequence to improve the probability distributions of failure. Mitigating the risk is likely to increase the 
operating costs and, therefore, an economic risk analysis is required. Note that the uncertainty and 
corresponding probability of exceeding the specified deformation may also be reduced by spending money 
on more detailed investigations. 

The acceptable probabilities for the two types of excavations will not be the same, because the economic 
losses associated with production disruptions are much greater in the case of access ramps. To determine 
appropriate ‘probabilities of failure’ it is necessary to estimate the expected frequency and extent of severe 
damage (Section 2.3) and evaluate the risk (Section 2.4). 

2.3 Estimation of the frequency and extent of excessive deformation 

It is necessary to determine the daily frequency of occurrence of damage affecting a given length of tunnel, 
hence a model must be developed. 

The total length (L) of the access ramp, sublevel drive or stope drives will not normally be affected at the 
same time. In practice, the potentially affected length (lp) at a given time will be a function of the mining 
layout and sequence and the resulting stress influence (Figure 11). In the case of stope drives, the greatest 
stress change is experienced close to the stope abutment and this is when large deformations are most likely 
to occur. The probabilistic stress analysis (Section 2.2) can be used as a guide to determining lp. For the 
sublevel drives, the greatest stress change will occur as a stope reaches its limit. The access drive will 
experience less significant stress changes, since it is further away and while the probability of exceeding 
deformation criteria is expected to be lower, the potentially affected length may be larger. Selecting an 
appropriate lp will always be subjective, particularly in the case of the access ramp, and it is therefore 
necessary to test different lp values and assess the influence on the model. 

This lp can be further sub-divided into short tunnel segment lengths (ls), which represent the natural 
variability in rock mass characteristics and ideally references to the composite interval length used for 
determining the variability of the GSI (Section 2.1). 

The probability (p) of exceeding the deformation criteria, determined using the method described in 
Section 2.2, is therefore applicable to the segment length. When the lp is affected, some or all of the length may 
experience excessive deformation. Figure 12 shows some scenarios of possible damage over lp for a given p. 
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Figure 11 Potential damage zones 

 

Figure 12 Possible damage over the potentially affected length of a tunnel 

The probability Pr(k,p,n) of exactly k segments being excessively damaged can be estimated using the 
binominal distribution: 

 Pr(k, p, n) =
𝑛!

𝑘!(𝑛−𝑘)!
𝑝𝑘(1 − 𝑝)𝑛−𝑘 (1) 

Where n is the total number tunnel segments and is calculated as nearest rounded up integer as follows: 

 𝑛 =  
𝑙𝑝

𝑙𝑠
⁄  (2) 

The cumulative form of the distribution, representing the probability Pr(≥k) of more than k tunnel segments 
being damaged is: 

 Pr(≥ k, p, n) = ∑
𝑛!

𝑖!(𝑛−𝑖)!
𝑝𝑖(1 − 𝑝)𝑛−𝑖𝑛

𝑖=𝑘  (3) 

The binomial distribution is a standard function in excel, but it should be noted that the cumulative form of 
the binomial distribution in excel calculates Pr(≤k,p,n), but it is easy to calculate Pr(≥k,p,n). The length of 
damage, ld, for a given k and ls is: 

 𝑙𝑑(𝑘, 𝑙𝑠) =  𝑙𝑠𝑘 (4) 

Figure 13 shows cumulative probability damaged tunnel length distributions, for the total tunnel length 
under consideration lp = 45 m and a range of p values determined using the binomial distribution. 
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Figure 13 Cumulative probability damage length distributions for lp = 45 m and values of p from 0.1 to 50% 

During the life of the sublevel being mined, the entire L of access ramp, sublevel drive and stope drives will 
be affected at some time. The number of potentially affected lengths (N) is: 

 𝑁 = 𝐿/𝑙𝑝 (5) 

The expected frequency F(≥k,p,n,N) of occurrence of ld(k) can then be estimated as follows: 

 𝐹(≥ 𝑘, 𝑝, 𝑛, 𝑁) = Pr(≥ 𝑘, 𝑝, 𝑛) 𝑁 (6) 

The F(≥k,p,n,N) should be normalised over the duration of mining (T) as follows: 

 𝐹𝑇(≥ 𝑘, 𝑝, 𝑛, 𝑁, 𝑇) =
Pr(≥𝑘,𝑝,𝑛)𝑁

𝑇
 (7) 

The time unit for normalisation could be days, weeks, months, quarters or years. The likelihood intervals in 
the risk matrix (Figure 2) for different normalised expected frequencies are presented in Table 2. In this 
example, the expected frequency was normalised by years. 

Table 2 Normalising the expected frequency 

Likelihood Normalised expected frequency 
 

Years Quarters Months Weeks Days 

Daily 365 92 30.5 7.0 1.0 

Weekly 52 13 4.4 1.0 0.1 

Monthly 12 3 1 0.23 0.0 

Annual 1 0.25 0.083 0.019 0.0027 

1/10 years 0.1 0.025 0.0083 0.0019 0.00027 

1/100 years 0.01 0.0025 0.00083 0.00019 0.000027 

In this example the following general parameters were used: 

Duration      (T) = 3 years. 

Segment length     (ls) = 3 m. 

Probability of exceeding deformation criteria  (p): 0.1 to 50%. 

The input parameters specific to the access ramp, sublevel drive and stope drives are listed in Table 3. Note 
that for the access ramp, only the total length that services the sublevel was considered. 
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Table 3 Specific input parameters for the frequency and extent of damage analysis 

Parameter Access ramp Sublevel drive Stope drives 

Total length (L) 500 m 225 m 900 m 

Potential affected length (lp) 42 m 30 m 15 m 

Number of potentially affected lengths (N) 12 8 60 

Number of segments (n) 14 10 5 

The cumulative normalised expected frequency damage length distributions are presented in Figure 14. The 
likelihood intervals are shown on the right hand axis for reference purposes. Note that the FT values are 
highest for the stope drives because they have the greatest N. However, the maximum length of damage 
ld(n,ls) is limited by lp. While the access ramp has greatest ld(n,ls) values, it is expected that p will be relatively 
low, because it is further away from the stopes. In fact, it is essential to ensure that p is low, because the 
access ramp affects all of the potential production from the sublevel. This frequency damage model is used 
to evaluate the economic risk in Section 2.4. 

 

Figure 14 Cumulative normalised (years) expected frequency damage length distributions 
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2.4 Economic risk evaluation 

The estimation of losses associated with rock damage in underground mines has been addressed by a few 
authors (Joughin et al. 2012; Abdellah et al. 2014; Joughin et al. 2016). The most significant economic 
consequences of the damage are the cost of remediation of the damaged section of the tunnel and the lost 
production due to inaccessibility during rehabilitation. 

Rehabilitation usually involves the removal of loose rock and damaged support and then re-supporting. It is 
best to obtain estimates of the cost(cr) and rate (r) of rehabilitation using data from previous tunnel repairs. 
The cost of rehabilitation Cr(k,ls,) and duration tr(k,ls,r) of rehabilitation can be estimated using the ld(k,ls) 
(Section 2.3) as follows: 

 𝐶𝑟(𝑘, 𝑙𝑠, 𝑐𝑟) =  𝑙𝑑(𝑘, 𝑙𝑠)𝑐𝑟  (8) 

 𝑡𝑟(𝑘, 𝑙𝑠 , 𝑟) =  𝑙𝑑(𝑘, 𝑙𝑠)𝑟 (9) 

The following input values were used in this example: 

 Cost of rehabilitation:  cr =$2,000/m. 

 Rate of rehabilitation:  r =1 m/day. 

During rehabilitation, production is likely to be affected, but this depends on the purpose of the tunnel. 
Referring to Figure 11, rehabilitation in the main access ramp would always affect the full production from 
these stopes and this will have an immediate effect. Rehabilitation of the sublevel drive would probably only 
effect half of the production and there may be some flexibility (tf) in the production schedule that allows one 
or two days before production is affected. The proportion of daily production influenced when a stope drive 
is being rehabilitated depends on the number of active stopes in production and there is invariably some 
flexibility, so the production impact is not immediate. The lost production time can be estimated as follows: 

 𝑡𝑝(𝑘, 𝑙𝑠, 𝑟, 𝑡𝑓) = 𝑡𝑟(𝑟, 𝑘, 𝑙𝑠) − 𝑡𝑓 (10) 

The following model can be used to estimate the potential loss per damaging incident as a function of length 
of damage: 

 𝐶𝑝(𝑘, 𝑙𝑠, 𝑟, 𝑡𝑓 , 𝑐𝑝, 𝑎, 𝑚, 𝑏) = 𝑡𝑝(𝑘, 𝑙𝑠, 𝑟, 𝑡𝑓) ∙ 𝑐𝑝 ∙ (1 − 𝑎) ∙ 𝑚 ∙ 𝑏 (11) 

where: 

cp is the revenue per ton mined. 

a is the direct cost of production as a proportion of revenue. 

m is the daily production from the sublevel. 

b is the proportion of daily production affected. 

The total potential loss per damaging incident is then: 

 𝐶𝑇(𝑘, 𝑙𝑠, 𝑐𝑟, 𝑟, 𝑡𝑓 , 𝑐𝑝, 𝑎, 𝑚, 𝑏) =  𝐶𝑟(𝑘, 𝑙𝑠, 𝑐𝑟) + 𝐶𝑝(𝑘, 𝑙𝑠, 𝑟, 𝑡𝑓 , 𝑐𝑝, 𝑎, 𝑚, 𝑏) (12) 

The model parameters should be based on the production layout and schedule and economics. The following 
general input parameters were used in this example: 

 Revenue per ton mined: Cp = $155/t. 

 Direct cost of production: a = 20%. 

 Daily production:  m = 1 000 t. 

The specific model input parameters for the different types of excavations are listed in Table 4. 
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Table 4 Specific economic model input data for the different types of excavations 

Parameter Access ramp Sublevel drive Stope drives 

Proportion of daily production affected 100% 50% 25% 

Flexibility or time until impact (tf) 0 days 2 days 5 days 

Using the cumulative normalised expected frequency damage length distributions of Section 2.3 and the 
economic model, cumulative normalised expected frequency distributions of economic loss can be presented 
using the risk matrix in Figure 2. Risk profiles have been determined for the access ramp (Figure 15), sublevel 
drive (Figure 16) and stope drives (Figure 17). 

Note that severity is greatest for the access ramp, due to the amount of production effected and the 
immediate loss of production. The cost of rehabilitation ranges from insignificant to minor, while production 
losses range from moderate to major depending on the number of days lost. The frequency of excessively 
damaging events is greatest for the stope drives due to the total length of the stope drives, but the losses 
are much lower (typically minor) due to greater flexibility and lower production impact. 

Increasing the lp reduces the frequency of minor events and increases the maximum severity of an event. It 
is possible to dynamically change the input parameters and check the influence on the risk profile. 

The p value for design should be selected to ensure that the risk is medium and the expected loss is low 
relative to daily revenue. Based on the risk profiles presented, the p values for design should be 2% for access 
drives, 5% for sublevel drives and 10% for stope drives. 

 

Figure 15 Risk profile for the access ramp 
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Figure 16 Risk profile for the sublevel drive 

 

Figure 17 Risk profile for stope drives 

3 Seismic risk criteria for support design 

When designing support to mitigate seismic risk, the concept of energy absorption is commonly used. The 
energy demand is the sum of the kinetic and potential energy of a potential rock ejected during a seismic 
event (Ryder & Jager 2002; Kaiser et al. 1995). It is necessary to estimate the expected peak ground velocity 
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(PGV) to determine the kinetic energy demand. This can be determined by statistically analysing recorded 
seismic events and using an empirical ground motion relation to estimate the PGV on mine access tunnels 
(Wesseloo 2013). However, this does not represent the PGV associated with future seismicity as a result of 
ongoing mining. 

A novel method of modelling seismicity has been developed and incorporated in the boundary element 
software ISSM (Malovichko & Basson 2014). Fictitious Force elements are used to model the existing mining 
layout and planned mining sequence. Displacement discontinuity elements are used to simulate flaws 
applying the Salamon–Linkov method (Salamon 1993; Linkov 2005). Malovichko and Basson correlated 
recorded and modelled seismicity at Renison mine (Figure 18) and found that there was a reasonable spatial 
correlation (in the area of interest) and size correlation for the larger events, which enables the results to be 
used with some caution. 

 

Figure 18 Recorded seismicity (top) and modelled seismicity (bottom) for Renison mine after Malovichko 

and Basson (2014) 

The seismic hazard can be assessed using both recorded and modelled seismicity (Malovichko 2017). The 
results are then converted to ground motion hazard by applying a ground motion prediction equation (GMPE) 
and a MC simulation taking the variability of the GMPE equation into consideration. Isosurfaces of PGV can 
be generated for different probabilities of exceedance. 

Renison management selected once in ten years as an acceptable likelihood of occurrence (Figure 2). This is 
equivalent to a 0.025 probability of occurrence within one quarter (92 days) (Table 2). Figure 19 shows 
isosurfaces of PGV (m/s) for which the probability of exceedance is once in ten years. 

This approach is used to determine the dynamic support requirements on the mine. 
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Figure 19 Ground motion hazard 

4 Concluding remarks 

The risk-based design process is applicable under high stress conditions, it takes into account geotechnical 
uncertainty. The understanding of aleatory variability can be improved by collecting more data and improving 
the quality of data through training and quality control. Stress and model uncertainty remain a challenge in 
geotechnical engineering. Some degree of subjective engineering judgement will therefore always be 
required in geotechnical design. 

When determining ‘acceptable probabilities of failure’ for design it is necessary to evaluate the risk. The 
potential financial losses associated with stress damage will differ for different types of excavation. An 
economic model is a useful tool for risk evaluation. Risk matrices used on mining operations assist with the 
practical interpretation of risk. 

The relative frequency approach is used by the insurance industry, where large amounts of data are available 
and it is possible to assess the potential risk quite reliably. In geotechnical engineering, it is appropriate to 
incorporate a subjective degree of belief approach. Where good data is available, this will improve confidence 
in the outcome and the degree of belief, but the interpretation will remain subjective. 
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