
INTERNATIONAL SOCIETY FOR 

SOIL MECHANICS AND 

GEOTECHNICAL ENGINEERING 

This paper was downloaded from the Online Library of 
the International Society for Soil Mechanics and 
Geotechnical Engineering (ISSMGE). The library is 
available here: 

https://www.issmge.org/publications/online-library 

This is an open-access database that archives thousands 
of papers published under the Auspices of the ISSMGE and 
maintained by the Innovation and Development 
Committee of ISSMGE.   

https://www.issmge.org/publications/online-library


Three dimensional geostatistical evaluation of cone data in Piedmont residual soils 

Evaluation geostatique tridimensionnelle des donnees du type conique dans les sols piemontais

Y a s s e r  A . H e g a z y  &  P au l  W . M a y n e  -  Georgia Institute of Technology, Atlanta, Ga., USA 

Sh a h r o k h  R o u h an i  -  Newfields Inc., Atlanta, Ga., USA

SYNOPSIS: Geostatistics in three dimensions are applied to electronic cone penetration data obtained in residual soils weathered from schist and 

gneiss Two soil parameters are measured at 20 locations including cone tip resistance (qc), and sleeve friction ( f , ). Demarcation o f  the soil 

boundaries was performed using the generalized distance (D2) and soil types between the boundaries were determined using Robertson’s (1990) 

classification method. The stratigraphy is classified into two main layers. Trends are examined as geostatistical analysis based on stationarity 

assumption (constant mean). The lower layer is divided into 5 equal sublayers to overcome the trend problem and decrease the heterogeneity. Data 

are filtered by removing the outliers due to systematic errors and spatial analyses are performed within each layer to determine the inherent variability 

in the vertical direction and the horizontal plane. Cross validation was accomplished by comparing the actual and the kriged measurements at one cone 

sounding location.

1 INTRODUCTION

Site characterization is slill one o f  the most important problems in 

geotechnical engineering because o f  uncertainty in the geotechnical data 

and insufficient knowledge o f  the soil at a test site. Many measurements 

are required at different locations across a stratigraphy to explain the 

variations within a soil formation. However, this is not practical nor 

feasible. Site exploration remains qualitative in most cases, as it still 

relies on judgment and experience o f  geotechnical engineers Therefore, 

a statistical-based approach is proposed to analyze the collected data 

and provide a quantitative systematic method to consider different 

sources o f  variability and geological evidences Many tests could be 

performed to collect soil information and cone tests become almost a 

part o f a routine geotechnical plan as they provide continuous parallel 

information about the soil stratigraphy in the vertical direction. The 

analysis o f the cone data is the focus o f  this research. The inherent 

variability, systematic errors, and lack o f knowledge are classified as 

Ihe sources o f  uncertainty associated with soil measurements. The 

inherent variability is due to differences in soil type, geological 

formation, thicknesses o f sublayers, age and stress history o f 

stratification, existence o f  lenses within the same layer, and soil fabric. 

Systematic errors affecting the cone measurements are attributed to 

three factors: small scale variation, electronic noise, and measurement 

errors Post and Nebbeling (1995) summarized the sources o f  the last 

two contributions as follows: penetration depth and vertically, 

calibration uncertainty, geometrical variation, errors in load transfer, 

non-centric loading, inclined loading, and temperature 

Consequently, Vanmarcke (1977), Soulie et al. (1990), Chaisson et al. 

(1995), and Hegazy et al. (1996) have proven that a geostatistical 

analysis in one or two dimensions is a valuable technique to explain the 

variability o f  the soil properties obtained using different types o f  in-situ 

testing such as piezocone and shear vane tests. However, in most 

practical site investigation programs, in situ data are collected to 

represent the soil properties in a three-dimensional space. Herein, a 

geostatistical analysis in three dimensions is proposed to indicate the 

spatial variability o f the cone data as random measurements. There are 

practical limitations that constrain the geotechnical exploration 

programs. Therefore, the measurements at an unsampled location are 

estimated using an interpolation method. Since soil properties show 

dependence in the vertical and horizontal directions, better estimates are 

obtained considering the spatial correlation betweeifthe collected data.

2 SITE DESCRIPTION

An extensive geotechnical investigation program was conducted at 

Auburn University research site, Lee county, Alabama, to identify the 

stratigraphy o f  the soil and its physical and mechanical properties. 

Thorough laboratory and in-situ testing were performed The soil at the

site is residuum underlain by partially weathered rock o f  the Piedmont 

geology. The field study included twenty cone soundings, their 

locations shown in Table 1. They were conducted using 10-cm2 base 

cones having 150 cm2 sleeve friction area and the data were digitally 

recorded at 5 cm intervals The results o f the conducted tests with the 

visual classification and the unified soil classification system (USCS) 

delineated two main layers across the stratigraphy and the average 

boundary was at 2 7 m. The upper layer consists o f very stiff tan and 

red clayey silt (ML) underlain by firm very silty fine sand (SM) to sandy 

silt (ML). Six o f the 20 soundings were piezocones (PCPT) from which

2 were seismic piezocones (SPCPT). The penetration pore pressure 

(U2) was measured behind the tip (shoulder position), which is termed 

type 2 piezocone Two cone measurements, namely, cone tip resistance 

(qc), and sleeve friction (f.) are shown on Fig 1. The measurements o f 

U2 indicated insignificance as they fluctuated between small positive 

values compared with the hydrostatic pressure and negative values. The

Table 1. The I
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No.

North

(m)

East 

. . (“ '>

Elevation

(m)

Cone

No.

North

(m)

East

(m)

Elevation

(m)
C ll 1454.6 1151.2 52.17 C24 1178.1 1112.3 51.43
C12 1386.2 1164.9 50.63 C25 1462.7 1137.2 52.76
C13 1466.5 1212.9 53.83 C26 1466.3 1103.8 50.98
C15 1501.1 1266.7 57.46 C27 1477.6 1145.8 53.10
C16 1441.8 1286.5 55.09 C28 1470.9 1158.9 53.11
C17 1493.4 1106.0 51.52 C32 1453.5 1130.5 52.51
C18 1431.0 1090.5 50.00 C41 1460.4 1128.6 52.44
C21 1473.4 1125.6 52.19 C42 1472.9 1136.4 52.69
C22 1489.1 1133.1 52.79 C43 1465.5 1149.0 52.80
C23 1453.5 1114.9 51.57 C44 1452.4 1141.2 52.43
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Figure 1. Cone penetration data from 20 soundings at 

Auburn University research site.
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full penetration depth was generally between 16 and 20 meters. For the 

rest o f  this study, qc and f, are analyzed to a penetration depth equal to 

16 m. The measured u2 and shear wave velocity (V,) are not considered 

due to lack o f data to perform three dimensional geostatistical analysis.

3 SOIL CLASSIFICATION AND BOUNDARIES

The reconnaissance o f  different soil types and the boundaries between 

them is a main goal o f any geotechnical program A qualitative 

demarcation o f  the soil boundaries and soil types were obtained by 

visual classification and USCS depending on borehole samples. Sowers 

and Richardson (1983) reported that the Piedmont soils, deeply and 

irregularly weathered from schist and gneiss into residual soils without 

appreciable transportation, in the east part o f  the United States extends 

from New Jersey southwest into Alabama They suggested that the 

usual soil classification systems are poor indices to residual soil 

behavior. Statistical and numerical approaches provide more precise 

systematic techniques to define the boundaries between different 

sublayers and, for this, Webster (1973), Wickremesinghe and 

Campanella (1991), and Hegazy et al. (1996) used the intraclass 

correlation coefficient (RI), and/or the generalized distance (D2). Soil 

measurements exhibit dependence in the vertical and the horizontal 

directions The tendency o f the data to be similar increases by being 

closer to each other The correlation distance is calculated in the 

vertical direction for qc and f, o f  a sounding separately using the 

autocorrelation coefficient (rlk) defined as follows:

r.k = [n /(n -k )][£  (x,.x,.k) / £  x2,] (1)

in which n is the number o f sampling points, k is lag distance (number o f 

measurement intervals between n points), and x, is the difference 

between the point measurement and the mean o f the sampling points.

The measurement interval is the distance between two successive 

readings and equal to 5 cm. For instance, Fig 2 shows that r.k 

(correlation between collected data) decreases gradually with k for Cl 1, 

and qc data show more dependence more than that for f, data Similar 

trends were obtained for the other soundings. The autocorrelation 

distance (d,k) is identified when rlk starts to fluctuate The average 

values o fd lk were 22.4 and 19.4 intervals, corresponding to 1.12 m and 

0  97 m, respectively, for the independent readings o f qc and f, The 

average window width for both qc and f, is equal to 0.7 m. Then, the 

window is moved vertically along each sounding and the generalized 

distance (D2) is calculated at every point in a matrix form as follows:

D2 = dT W 1 d (2)

in which d is the vector o f differences between the means o f  the two 

window halves, and W is the pooled within-halves variance-covariance 

matrix Demarcation o f the boundaries using D2 instead o f RI is more 

accurate and efficient as the combined effect o f  the.two variables, 

namely qc and f„ is considered, however, RI is applied using one 

variable only. Webster (1973) studied the effect o f  the window width 

on the obtained soil boundaries He found that using a narrow window 

resulted in noisy D2 and many peaks, and if the window is too wide, 

some peaks might be hidden. He suggested that the practical window 

width which is equal to or less than the average distance between the 

soil boundaries is equal to 0 67 o f  the calculated d,k. Therefore, the 

window width was chosen equal to 0 7 m. The boundaries were

La g  Di s t a nc e ,  k  ( Sa mp l i n g  I nt er va l s )

Figure 2. Autocorrelation coefficient versus lag distance for C11.

identified visually at the peaks o f  D2, and quantitatively, assuming D2 

following normal distribution, ifD 2 > (median + 1.65 standard 

deviation) o f the D2 values within the same profile with a level o f 

significance equal to 0 05. The median was chosen to avoid the effect 

o f  the extreme low and high values on the results For instance, Fig 3 

shows the resulting D2 and the corresponding boundaries for C l 1.

Robertson’s classification method (1990) based on the cone 

penetration data was used to recognize the soil type between the 

determined boundaries A boundary was considered secondary if two 

successive layers are classified as the same soil. The combined results 

o f  the D2 analysis and Robertson’s method (1990) indicated that the 

stratigraphy o f this research site is very heterogeneous in both vertical 

and horizontal directions Many sublayers are defined in the vertical 

direction o f  each cone sounding and even within the same sublayer there 

is a transition between two or three types o f  soil Overall, the 

stratigraphy can be divided into two main layers. The upper layer is 

very stiff clayey soil with traces o f sand underlain by a soil mixture of 

clay, silt, and sand The average scale o f  fluctuation (heterogeneity) 

between the boundaries in the vertical direction is equal to 1.65 m The 

boundaries o f the same sublayers are not in the same horizontal plane. 

The average thickness o f the upper layer is 2.7 m

4 GEOSTATISTICAL ANALYSES

Preparation o f the data is important to perform the geostatistical 

analyses for delineation o f  the boundaries, de-trending, and filtering 

Recognition o f the sublayers across the stratigraphy is significant as 

geostatistical analysis is applicable within the same soil type. Trends 

should be avoided since the geostatistical analysis is based on the 

stationarity assumption (constant mean). They also have a strong effect 

on the fitted models and consequently on the estimation process. The 

trend was examined visually for the two defined layers The cone data 

o f the upper layer between 0.0 and 2.7 m exhibits an insignificant trend; 

however, the cone data o f the lower layer between 2 7 and 16 m have a 

significant trend with depth. There are several methods to overcome the 

trend problem, such as normalization with respect to a value increasing 

also with distance, normal standardization for normally distributed
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Figure 3. (a) Generalized distance for C11, and (b) soil 

classification using Robertson’s method (1990).
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Fiqure 4. Comparison between measured and filtered data 
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variables, fitting a regression curve for the trend and performing the 

analysis for the residuals, and dividing a layer having a trend into 

sublayers (Hegazy et al., 1996) The lower layer is divided into 5 'equal 

sublayers labeled from 2 to 6  in ascending order with increasing the 

depth to overcome the trend problem and decrease the efFect o f soil 

heterogeneity as the thickness (2.7 m) o f each sublayer is equal to 1.6 

limes the average scale o f soil fluctuation

Data filtering is important because an outlier (extreme high or low 

value) measurement within the same sublayer causes significant increase 

or decrease o f  the calculated variability at some lag distances. This 

affects the choice o f  the fitted model and the interpolation process.

Data within each sublayer were then filtered by considering that the 

absolute value o f the measurement is anomalous if it is > (median + 1.65 

standard deviation) o f the measurements within the window width 

assuming that the data points follow a normal distribution. The median 

was chosen for this criterion since it is not affected by the extreme low 

or high values o f  the measurements The outliers are replaced by the 

average o f the median o f  the points in the window and the measurement 

value. The filtered data are sometimes repeatable at some soundings 

and represent lenses o f  lower or higher strength than the average within 

the same sublayer. Those points might represent the critical situation o f 

some geotechnical designs, therefore the filtered data are used lo model 

the data and the original measurements are used in the interpolation 

Figure 4 shows, for example, a comparison between the measured and 

filtered data for C l 1. The geostatistical analysis was performed by 

calculating the variability o f  the data as a function (experimental 

variogram) o f  the separating distance for each variable, namely qc and f„ 

in the vertical and the horizontal directions as follows:

in which y(h) is the experimental variogram, N is the number o f  points 

within the same lag interval (defined between certain upper and lower 

limit distances between the measurements), X; is a measurement value 

separated from Xj.h by a lag distance h. A parametric model with a 

known shape is chosen to fit the experimental variogram. The fitted 

models and the experimental variograms in the horizontal direction are 

shown on Fig. 5. The experimental variograms exhibit no linear trend 

which indicates that dividing layer 2 into sublayers overcame the trend 

problem. The models are either spherical or exponential which are 

usually used to explain the variability o f a natural phenomenon. The 

results o f  the fitted models in the horizontal direction, and the ranges o f 

the models in the vertical direction are summarized in Table 2. A model 

is composed of three main components: the sill is the actual dispersion 

of the measurements, the range is the maximum correlation distance 

between the data, and the nugget represents the systematic errors. 

Defining the range is important in site characterization plans. For 

instance, in order to obtain the most possible independent information of 

a site from borehole samples, the samples should be separated by a 

distance larger than the range in the vertical direction, and the soundings 

should be separated by a distance greater than the range in the 

horizontal plane. On the other hand, to get dependent results o f  two 

different tests, they should be performed within a spacing less than the 

correlation distance. Table 2 and Figure 5 indicates that the qc and f, 

measurements o f  layers 1 and 2 have more dependence than the cone 

data in the other layers as the fitted models reaches asymptotic values at 

larger correlation distances The pure nugget model fitted to qc data o f 

layer 5 displays complete independence

DeGroot and Beacher (1993) studied the effect o f simulated sampling 

plans on the quality o f the spatial structure and found that nested plans 

provide the best estimates o f the correlation distance and displayed the 

largest variability. They reported also the effect o f sampling plans on 

Ihe quality o f  the estimates at unsampled locations and concluded that 

systematic ordered spatial samples are better than the cluster samples.

The sampling plan in this study is nested and random and the fitted 

models provided a good estimate o f  the range in the vertical and 

Horizontal directions. The models in the horizontal plane were fitted in 

different directions lo detect the soil anisotropy. Experimental 

variogram points were insufficient in number to fit models in every 

direction except in two directions, namely, 15°, and 115° (measured 

clockwise with respect to the north direction). The fitted models in 

these two directions displayed similarity and soil isotropy in the same 

horizontal plane for all layers. Comparing the fitted models in the 

vertical and the horizontal directions indicates an anisotropy. The 

average range in the vertical and horizontal directions were equal to 1 7

There are usually some limitations in a site investigation plan and there 

is a need to know information about the soil properties at unsampled 

locations, therefore interpolation is performed Kriging is used for 

estimation in this study as it provides the best linear unbiased predictions 

(Issaks and Srivastava, 1989) The fitted models are used to calculate 

the weights o f the measurements The ratio between the average ranges 

in the vertical and the horizontal directions is equal to 0.02. Therefore, 

the contribution o f  the vertical models to assign weights for the sampled 

data is insignificant compared with the contribution o f the horizontal 

models. The search ellipsoid for kriging was centered at each 

unsampled location and chosen to be extended for distances equal to 

half o f the range in each direction as the correlation between the data 

decreases with distance Cross validation was performed to evaluate the 

kriging. The measured and estimated values are compared al the 

location o f C 11 as shown on Fig. 6 which indicates better agreement for 

qc than that for f„ The correlation coefficient between the collected and 

interpolated data for qcand f, were equal to 0 72 and 0 61, respectively.

m and 83.4 m, respectively.

Cone Tip Resistance (qc) Sleeve F^ctlgn (f,).

0 50 100 150 200

Average Lag Distance (m)
Layer 1 from 0.0 to 2.7 m

--------- Exponential model
O Layer2 from 2.7 to 5.4 m
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X  Layer 3 from5.4 to 8.0 m

...........Spherical model
+  Layer 4 from 8.0 to 10.7 m
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□  Layer 5 from 10.7 to 13.3 m

C
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Figure 5. Horizontal variograms for 20 cone soundings.
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Figure 6. Comparison between measured and estimated 

data for C11.

Table 2. Summary of horizontal variograms and vertical ranges

L depth soil variable model Horizontal Vertical

(m)

type type nugget

(MPa)2

sill

(MPa)2

range

(m)

range

(m)

l from 0.0 A Qc E 0.26 2.09E+00 165.80 1.40

I to 2.7 f, E 0.00 5.90E-03 190.00 2.57

2 from 2.7 B E 0.00 1.72E+00 95.90 3.90

2 to 5 .4 f. E 0.00 5 .13E-03 197.32 4.00

3 from 5.4 B O: S 1.20 1.60E+00 30.00 0.75

3 to 8.0 f. S 0.00 3.32E-03 22.75 0.60

4 from 8.0 B Qc s 0.00 4.54E+00 60.14 1.30

4 to 10.7 f. E 0,00 4.44E-03 53.64 0.81

5 from 10.7 B N 7.00 O.OOE+OO 0.00 0.51

5 to 13.3 f, S 0.00 6.46E-03 43.88 1.73

6 from 13.3 B q= E 5.96 5.16E+00 74.75 1 84

6 to 16.00 f. ? 0.00 7.32E-03 66.12 1.30

LEGEND
A = very stiff fine grained with sand traces L = layer number
B = silt and sand mixtures with clays N = pure nugget

S = spherical E = exponential
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5 CONCLUSIONS

Statistics methods can be a valuable technique to design and quantify 
site characterization programs as they provide explanation of the 
uncertainties of the soil properties in the vertical and horizontal 
directions considering soil anisotropy. Statistical analysis displays 

objective solutions of some site investigation problems such as number 
and thicknesses of different soil layers, and existence of soil lenses 
across a stratigraphy Furthermore, the spacing can be identified 
between the soil samples in the vertical direction and different soundings 
in a plane to obtain dependent or independent information The cone 
readings are estimated at unsampled locations using the spatial 
variability fitted model(s). The estimates are unbiased and evaluated 
using a cross-validation technique. Therefore, geostatistics are applied 
for better understanding of the cone data, to provide more information 
about site exploration, and improve the quality of the geotechnical 
design.
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