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ABSTRACT 

 

Many procedures commonly used in geotechnical engineering rely on borehole data as input. 

While these procedures may characterize the uncertainty around their predictions, they typically 

do not provide guidance for evaluating uncertainty arising from imprecision or inaccuracy in 

measuring input parameters nor do they account for spatial variability in soil properties. This paper 

summarizes a methodology for generating synthetic borehole data using random fields and Monte 

Carlo simulation. Guidance is provided regarding selection of parameters and study size. Such a 

procedure allows geotechnical engineering practitioners to account for uncertainty in 

measurements of subsurface conditions, and to investigate whether their conclusions are sensitive 

to this uncertainty. Incorporation of uncertainty around the soil profile’s geometry and its relevant 

parameters gives a more complete estimate of possible outcomes (e.g., liquefaction triggering, 

surficial manifestation of liquefaction, or foundation damage due to liquefaction). As an example, 

the proposed procedure is then used to generate synthetic borehole data for a case study in 

Adapazari, Turkey. 

 

INTRODUCTION 

 

Boring logs, cone penetration tests (CPT), and standard penetration tests (SPT) are key 

components of any geotechnical site investigation, in addition to other non-destructive site 

investigation methods. Results from these tests provide inputs to a wide variety of procedures and 

indices used in geotechnical risk analysis, such as procedures for predicting liquefaction 

consequences (e.g., Bray and Macedo 2017, Bullock et al. 2018a,b) and indices that evaluate the 
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likelihood of liquefaction triggering or manifesting (e.g., Iwasaki et al. 1978, van Ballegooy et al. 

2014). 

 Increasingly, procedures for geotechnical risk analysis are focused on application to 

performance-based earthquake engineering. Recent procedures place more emphasis on 

characterizing model uncertainty (e.g., Bray and Travasarou 2007; Cetin et al. 2009, 2012; 

Unutmaz and Cetin 2012), such that exceedance probabilities for various demand parameters can 

be formulated, rather than only providing deterministic estimates. However, these procedures 

typically do not explicitly incorporate uncertainty regarding soil input parameters, in part because 

the uncertainty in these parameters is highly specific to a given project or site.  

This study presents a Monte Carlo random field method for stochastically generating 

synthetic borehole data. This borehole data must reflect the variation observed in a relevant soil 

profile and/or the variation expected to occur between boreholes in the relevant area. Such data 

are useful in several contexts, for example: (1) testing the sensitivity of procedures and indices to 

the accuracy and precision of real borehole data collected at a site; (2) testing the applicability of 

procedures and indices to a wider variety of boreholes than those used in the procedures’ 

development; (3) accounting for uncertainty in real borehole properties in the analysis of a given 

building or site; and (4) developing relationships among inputs to calculations in various 

procedures and indices (i.e., relating inputs in one procedure to a mapped parameter). This 

methodology could be applied to any soil parameter of interest for which representative calibration 

data can be obtained or for which parameter ranges can be estimated using judgment. This paper 

describes the methodology and explores examples of applications (3) and (4). 

 

METHODOLOGY FOR STOCHASTIC GENERATION OF BOREHOLE DATA 

 

This methodology for stochastically generating synthetic borehole data seeks to capture several 

sources of uncertainty in geotechnical engineering, including: (1) uncertainty around 

measurements of soil properties in a single borehole; (2) uncertainty regarding the geometry of 

layers in a soil profile; and (3) uncertainty about whether one or more boreholes are representative 

of subsurface soil conditions in a larger area. Modeling decisions regarding numbers of synthetic 

borehole geometries, the characteristics/sets of selected soil properties, and random field 

realizations decide which sources of uncertainty are reflected in the developed synthetic database. 

Monte Carlo simulation is used to generate the database. 

Random Fields. Many previous studies have used random fields to add spatial randomness to soil 

models (e.g., Fenton 1999b, Stuedlein et al. 2012, Montgomery and Boulanger 2016, Beber and 

Dashti 2017). If random fields are generated using only data from a specific borehole, they account 

for uncertainty regarding the accuracy of measurements of that borehole. If they are generated 

using more general or regional soil parameters, they can also reflect uncertainty that the borehole 
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is representative of nearby subsurface conditions. In either case, many realizations are needed to 

characterize the sensitivity of subsequent calculations to these uncertainties. 

To represent a soil deposit with a random field, three pieces of information are needed for 

each relevant soil property for each layer in the profile: (1) the mean value of a given property for 

the deposit, 𝜇; (2) the coefficient of variation for the deposit, 𝐶𝑉; and (3) the correlation length for 

the deposit, 𝜃 . The mean and coefficient of variation indicate the expected value of a given 

property in the complete deposit and how variable that property will be within the deposit. If a 

parameter is expected to exhibit a trend with depth, 𝜇  may be replaced with a deterministic 

function of depth (e.g., Bong and Stuedlein 2018). The correlation length indicates the separation 

distance at which two points will have correlated values of the given property. If a deposit has a 

short correlation length for a given property, it will appear noisier, with areas of low property 

values and high property values interspersed. Conversely, deposits with longer correlation lengths 

with a property will have more distinct areas of higher or lower values. Figure 1 demonstrates the 

effects of 𝜃 by showing five random fields with the same 𝜇 and 𝐶𝑉 and 𝜃 ranging from 1 to 15 m. 

Estimating 𝜇 and 𝐶𝑉 for a given property of a given soil deposit is as simple as taking the 

mean and variance of the observed values of that property within that deposit. Estimating 𝜃 is more 

difficult. Semivariograms can be used to simplify estimation of 𝜃 if the properties of the soil 

deposit are assumed to have some finite separation distance at which they are no longer spatially 

correlated (i.e., if they are finite-scale processes rather than fractal processes; Fenton 1999a). Clark 

(1979) provides details regarding the mathematical operations involved in formulating 

semivariograms. More data and/or a finer resolution of sampling (i.e., less depth separating 

samples) are generally required for confident estimation of 𝜃 than 𝜇 or 𝐶𝑉. 

 
Figure 1. Five example random fields of a variable with 𝝁 = 𝟏, 𝑪𝑽 = 𝟏𝟎𝟎%, and (a) 𝜽 = 𝟏 𝒎, 

(b) 𝜽 = 𝟑 𝒎, (c) 𝜽 = 𝟓 𝒎, (d) 𝜽 = 𝟏𝟎 𝒎, and (e) 𝜽 = 𝟏𝟓 𝒎. 

Random fields are commonly generated using the local area subdivision (LAS) method 

(e.g., Fenton and Griffiths 2008). LAS begins with a single “cell,” or unit depth of soil, with the 
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parameter equal to its mean. That cell is subdivided into two cells and each is assigned a new value 

such that 𝜇, 𝐶𝑉, and 𝜃 are preserved for the complete domain. Figure 2 provides a visualization of 

the algorithm for using the LAS method to generate random fields. 

      
Figure 2. Visualization of the local area subdivision method for generating random fields. 

Monte Carlo Simulation. There are two aspects of this problem that motivate the use of Monte 

Carlo simulation (MCS). First, random fields are inherently stochastic, and multiple realizations 

of random fields (defined as 𝑚) with the same parameters for each deposit will yield different 

results. Second, sufficient data may not be available to confidently estimate the 𝜇, 𝐶𝑉, and 𝜃 for 

all relevant soil properties for all deposit types. It may therefore be desirable to test a range of 

values for each. The number of randomly generated sets of parameters is defined as 𝑛. 

 Uncertainty with respect to the geometry of the stratigraphy in the soil profile can add 

another dimension to the MCS regime described above. Often, only one boring log is available, 

and this uncertainty is difficult to quantify. Alternatively, if multiple boring logs are available, the 

uncertainty around geometry may be reduced if the stratigraphy is relatively uniform over the site. 

Here, we assume that the mean and variance depth of each layer can be observed or assigned with 

judgment.  Generally, the thicknesses of the layers will be negatively correlated if the total depth 

of the profile is treated as known (i.e., if one layer is larger than expected, less room in the profile 

is available to contain the other layers). The number of randomly generated profile geometries is 

defined as 𝑘. 

 The MCS approach to generating synthetic borehole data is summarized thusly: 

1. Generate 𝑘 random profile geometries. 

2. Generate 𝑛 random sets of 𝜇, 𝐶𝑉, and 𝜃 for each relevant property of each layer in 

each of the 𝑘 geometries. 

3. Generate 𝑚 realizations of random fields for each of the 𝑘 by 𝑛 geometry-property 

combinations. 

The values of 𝑘 and 𝑛 can be reduced if confidence in the geometry or parameters is great, 

respectively. The value of 𝑚 needs to be large if very heterogeneous deposits (high 𝐶𝑉) are present 

in the profile, such that the between-realization variation in random fields generated for a single 

profile is represented. Latin Hypercube sampling can be used to reduce one or more of these 

dimensions and therefore reduce computational expense. Whether this reduction in expense is 
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significant depends on the application, the ranges of parameters being considered, the confidence 

in 𝜇, 𝐶𝑉, and 𝜃 for each layer, and the confidence in the profile geometry. 

 

APPLICATION TO QUANTIFYING UNCERTAINTY FOR A CASE STUDY 

 

Unutmaz and Cetin (2010) present case histories of mat-founded structures that experienced 

settlement and/or residual tilt due to liquefaction during the 1999 Kocaeli and Düzce earthquakes. 

Borehole data are provided for each group of buildings, but not on a case-by-case basis. Data from 

19 boreholes are presented. The following analysis considers data from a subset of 13 boreholes 

which include richer measurements of soil properties with depth: specifically, boreholes A through 

L and the borehole for the Tigcilar district. 

 

Analysis of observed borehole data. Table 1 shows the ranges of 𝜇, 𝐶𝑉, and 𝜃 observed in the 

borehole data in Unutmaz and Cetin (2010) for five parameters: SPT blow count (𝑁1,60) in blows, 

liquid limit (𝐿𝐿) in %, plasticity index (𝑃𝐼) in %, fines content (𝐹𝐶) in %, and water content (𝑤𝑐) 

in %. These ranges reflect the minimum and maximum 𝜇, 𝐶𝑉, and 𝜃 observed for a layer of each 

soil type (i.e., the range reported for the properties of sand includes all sandy layers in boreholes 

A through L and the borehole for the Tigcilar district). 

 

Table 1. Summary of parameters observed in the Unutmaz and Cetin (2010) borehole data. 

Soil 

type 

Number 

of layers 
Parameter Mean, 𝝁 

Coefficient of 

variation, 𝑪𝑽 (%) 

Correlation 

length, 𝜽 (m) 

Sand 18 

𝑁1,60 19.4 to 42.0 6.5 to 48.9 2.27 to 5.68 

𝐿𝐿 8.6 to 30.4 0.0 to 48.1 0.01 to 6.57 

𝑃𝐼 1.6 to 14.0 0.0 to 187.9 0.00 to 5.95 

𝐹𝐶 10.7 to 70.1 20.9 to 110.3 1.00 to 5.13 

𝑤𝑐 3.8 to 30.1 5.7 to 39.3 0.00 to 7.87 

Silt 14 

𝑁1,60 11.2 to 20.4 4.6 to 42.3 2.93 to 8.10 

𝐿𝐿 28.3 to 47.7 19.6 to 42.2 4.42 to 7.00 

𝑃𝐼 15.6 to 22.9 4.2 to 72.6 2.23 to 8.15 

𝐹𝐶 66.0 to 98.1 0.9 to 63.6 2.92 to 7.28 

𝑤𝑐 30.1 to 38.7 8.6 to 28.2 2.87 to 6.38 

Clay 11 

𝑁1,60 10.6 to 22.4 4.5 to 73.1 2.99 to 6.57 

𝐿𝐿 12.1 to 46.1 20.6 to 83.3 2.99 to 3.02 

𝑃𝐼 5.7 to 29.9 35.1 to 56.4 2.99 to 5.31 

𝐹𝐶 72.7 to 99.2 0.3 to 35.6 2.93 to 4.26 

𝑤𝑐 8.4 to 38.1 0.2 to 129.5 3.26 to 4.26 

Clayey 

silt 
7 

𝑁1,60 11.2 to 18.7 9.5 to 59.5 2.94 to 5.16 

𝐿𝐿 34.9 to 54.4 9.4 to 46.7 2.41 to 6.54 

𝑃𝐼 5.4 to 27.7 11.6 to 149.8 2.41 to 4.18 

𝐹𝐶 73.4 to 94.1 2.5 to 49.0 2.40 to 5.76 

𝑤𝑐 32.3 to 39.6 2.8 to 20.5 2.44 to 9.21 
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Parameter range and sample size. The ranges of 𝜇  and 𝐶𝑉  in Table 1 are adopted for all 

parameters for all soil types. The upper bounds of 𝜃 are increased by 50% and the lower bounds 

decreased by 50% to reflect relatively lower confidence in estimates of 𝜃. Each parameter is 

assumed to be uniformly distributed between the lower and upper bounds.  

This case study generates synthetic borehole data (10 realizations each of 10 sets of random 

parameters producing 100 total realizations) representative of borehole B from Unutmaz and Cetin 

(2010) and will not consider uncertainty in the profile geometry (𝑘 = 1, 𝑚 = 10, and 𝑛 = 10). 

The soil profile at borehole B has the following layers, beginning from the surface: 3 m of silt, 7 

m of sand, 3 m of clay, and 13 m of sand. LAS is applied until the cell size in the random fields is 

smaller than 1 m for all layers. 

 

Comparison to observed borehole data. Figure 3 shows the observed values of all soil 

parameters for borehole B and 100 random field realizations. The random field realizations 

generally overlap with the observed values for the top three layers. The bottom-most layer (13 m 

of sand) has only two observed values and had lower than average values of 𝑁1,60 and higher than 

average values of 𝑤𝑐. The random field realizations reflect the relatively high variability in 𝐹𝐶 

observed for all soil types except clay, per Table 1. 

 

 
Figure 3. Observations from borehole B (black) and 100 random field realizations (red) 

generated using the soil parameters calculated using all borehole data (Table 1) for (a) SPT blow 

count, (b) liquid limit, (c) plasticity index, (d) fines content, and (e) water content. 

 These synthetic boreholes can then be used as inputs into liquefaction susceptibility or damage 

analyses. For instance, the procedure outlined by Idriss and Boulanger (2010) could be applied to 

convert 𝑁1,60 according to 𝐹𝐶 into an equivalent value for clean sand (𝑁1,60,𝐶𝑆), which is an input 

into calculating the factor of safety against liquefaction and volumetric strains (𝜀𝑣) in the soil 
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column (e.g., Cetin et al. 2009). To demonstrate the possible variability in outputs introduced by 

using synthetic borehole data in this manner, Figure 4 shows a histogram of the liquefaction 

severity number (𝐿𝑆𝑁; van Ballegooy et al. 2014) calculated using the Cetin et al. (2009) median 

𝜀𝑣 in Equation 1 for the 100 boreholes in this example database. The scenario earthquake used to 

calculate 𝐿𝑆𝑁 in Figure 4 has magnitude 6.2 and 0.2𝑔 peak ground acceleration at the site. While 

most of realizations fall near the value obtained using the deterministic values from the borehole, 

many realizations have much more severe 𝐿𝑆𝑁 values. 

 

Figure 4. Histogram of calculated 𝐿𝑆𝑁 values for a magnitude 6.2 earthquake with peak ground 

acceleration of 0.2𝑔 for all 100 synthetic boreholes in the example database. 

 𝐿𝑆𝑁 = 1000 ∫
𝜀𝑣

𝑧
𝑑𝑧 1 

APPLICATION TO DEVELOPING CORRELATIONS SOIL INPUTS AND MAPPED 

PARAMETERS 

 

The Monte Carlo random field procedure described above can also be used to develop tools for 

use in forward analysis. For instance, Bullock et al. (2018a,b) recently developed procedures for 

estimating the settlement and tilt of mat-founded structures due to liquefaction. However, these 

procedures require detailed site investigation to calculate all of the inputs included in their 

functional forms. Synthetic boreholes can provide a database to relate the inputs required for such 

procedures to mapped parameters such as the liquefaction potential index (𝐿𝑃𝐼) or the liquefaction 
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severity number (𝐿𝑆𝑁). If this can be accomplished, the procedure could be applied rapidly at the 

portfolio or regional scale, where collection of detailed site investigations may be impractical. 

 The functional forms of procedures such as Bullock et al. (2018a,b) can be rearranged to 

follow the general form given by Equation 2: 

 ln(𝐸𝐷𝑃) = 𝐹𝑠𝑜𝑖𝑙 + 𝐹𝑓𝑜𝑢𝑛𝑑𝑎𝑡𝑖𝑜𝑛 + 𝐹𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 + 𝜀 2 

where 𝐸𝐷𝑃 is the engineering demand parameter of interest (i.e., foundation settlement or tilt), 

𝐹𝑠𝑜𝑖𝑙 collects the terms related to characteristics of the soil profile, 𝐹𝑓𝑜𝑢𝑛𝑑𝑎𝑡𝑖𝑜𝑛 collects the terms 

related to characteristics of the foundation, 𝐹𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 collects the terms related to characteristics 

of the structure, and 𝜀 is the logarithmic residual of the procedure’s predictions (typically resulting 

in lognormal model uncertainty with a logarithmic standard deviation of 𝜎). 

 The goal here is to replace 𝐹𝑠𝑜𝑖𝑙 in Equation 2 with some function of a mapped parameter 

(𝐿𝑃𝐼 or 𝐿𝑆𝑁) through synthetic borehole data, as modeled in Equation 3: 

 𝐹𝑠𝑜𝑖𝑙 = 𝑓(𝐿𝑃𝐼 or 𝐿𝑆𝑁) + 𝜀𝑠𝑜𝑖𝑙 3 

where 𝜀𝑠𝑜𝑖𝑙 is the error in this correlation, with a standard deviation of 𝜎𝑠𝑜𝑖𝑙. Logarithmic model 

uncertainty when applying the procedure at the regional level would increase from 𝜎 to the square 

root sum of squares of 𝜎 and 𝜎𝑠𝑜𝑖𝑙. Although model uncertainty is increased when replacing the 

original, site-specific 𝐹𝑠𝑜𝑖𝑙  with the approximation based on a mapped parameter, practitioners 

gain the ability to perform analysis by combining a liquefaction hazard map (e.g., Holzer et al. 

2008) with portfolio or regional building stock information and traditional hazard maps for the 

intensity measures in the procedure. 

 

CONCLUSIONS 

 

This study describes a procedure for generating synthetic borehole data. This procedure uses 

random field simulation to generate profiles of soil parameters with depth based on the observed 

mean value, variability, and spatial correlation of those parameters in the observed (i.e., real) 

borehole data for each soil type. Monte Carlo simulation is then employed to create many 

realizations of the random fields, such that a wide range of possible subsurface conditions are 

included in the synthetic database for use in further analysis. 

 Synthetic databases of borehole data have many applications. The Unutmaz and Cetin 

(2010) data provide observations of foundation settlement and residual tilt due to liquefaction, with 

one borehole collected for each group of 1 to 4 buildings. In this specific case, synthetic borehole 

data can be generated to reflect variability in the unobserved in-situ soil profile parameters under 

each of those buildings, assuming there are no large differences in geometry or soil types. Using 

such a synthetic database in conjunction with observed borehole data allows practitioners to 

perform analysis that recognizes the uncertain nature of soil profile conditions. By analyzing many 
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random field representations of a given site and examining the statistics of the relevant outputs, 

practitioners can provide clients with confidence intervals rather than deterministic estimates. 

 Future research could use synthetic borehole data to connect simplified procedures for 

estimating geotechnical damage (e.g., Bullock et al. 2018a) to mapped parameters such as the 

liquefaction potential index, or 𝐿𝑃𝐼 (Iwasaki et al. 1978), as outlined above. Connection between 

these procedures, which rely on site-specific borehole data, and mapped parameters would allow 

practitioners to use the procedures with less site investigation, but with higher uncertainty. Further, 

this connection would enable portfolio-level analysis without collection of extensive site-specific 

borehole data. 
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