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ABSTRACT: In this study, the spatial variability of the strength and permeability inside and underneath 
a river dike are addressed. Cone penetration tests (CPTs) were conducted at the river dike site, which has 
piping histries. In addition, CPTs were conducted in the laboratory as model tests on soil sampled from 
the river dike site, and permeability tests were also conducted on the same samples. Based on the 
laboratory tests, the relationship between the CPT results, which include the tip resistance, the side 
friction, and the pore pressure, and the permeability is derived. The relationship is applied to the in-situ 
test results. In conclusion, the spatial variability of the strength and permeability of the test site is 
evaluated with a geostatistical simulation technique. 

 
When heavy rains come, some river dikes breach. 
The two major causes of breaching are overflow 
and seepage failure due to piping. In this work, the 
procedure for detecting the locations that could be 
at high risk for piping inside the dikes or in their 
underlying layers is discussed to mitigate the risk.  

Although boring and standard penetration 
tests are usually conducted to examine the inside 
of soil structures, the interval of the test points 
must be sparse due to low efficiency and in order 
to avoid damage to the structures. Consequently, 
weak locations may be overlooked. To deal with 
these shortcomings, the cone penetration test 
(CPT) is used to obtain detailed information on 
the inside of the dikes or underneath them. The 
CPT is advantageous in that it makes short-
interval exams possible, due to its high efficiency, 
and it causes little damage to the structures. 

To detect the locations of piping risk, the 
distribution of permeability in the ground must be 
identified. The relationship between the CPT 
results and the coefficients of permeability is 
derived to evaluate the in-situ permeability by 
CPTs. For this task, model CPTs and permeability 
tests were conducted with the same soil samples. 
A regression equation was derived that represents 
the relationship of the permeability and the CPT 
results, namely, the tip resistance, and the side 
friction.    

Some previous articles have addressed the 
permeability derived from CPTs. For example, 
Robertson (2010) presented the relationship 
between CPT results and the permeability. Wang 
and Tong (2014) also predicted the permeability 
with CPTs and a similar concept. Paradis et al. 
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(2014) used CPT/SMR, and determined the 
spatial variability of the permeability.   

The present study also deals with the spatial 
variability of the permeability. Firstly, a statistical 
model is determined from the CPT results to 
present the spatial distribution of the permeability. 
Secondly, the permeability inside and underneath 
a river dike is spatially interpolated by a 
geostatistical simulation.  

1.   FIELD INVESTIGATION 

1.1.  Cone penetration tests (CPTs) 
In the CPTs, tip resistance qt, side friction fs, and 
pore water pressure Pw are measured. Robertson 
and Fear (1995) proposed a type of soil behavior 
index, Ic, based on qt and fs, which is defined by 
Equation (1), as follows: 

   (1) 

                                     (2)   

  FR = fs qt −σv0( )                                      (3) 

in which Qt is the generalized tip resistance, σvo is 
the vertical total stress, σvo' is the vertical effective 
stress, and FR is the generalized side friction ratio 
(Robertson, 1990). 

Suzuki et al. (2003) proposed the 
transformation equation from Ic and qt to the CPT 
N value, Nc, as follows: 

  

Nc = 0.341Ic
1.94 qt − 0.2( ) 1.34−0.0927 Ic( )   qt > 0.2MPa( )

Nc = 0                                               qt ≤ 0.2MPa( )   
 	 （4) 

The relationship between Nc and the N value of 
the standard penetration tests, NSPT, is based on the 
data obtained from embankment sites; it is 
presented in Figure 1. Since the embankment sites 
have relatively low N values, in the range of 0-10, 
Equation (5) is defined based on Figure 1. 
Transformation error εr is also evaluated.  

  NSPT = Nc(1+ 0.62εr )                               (5) 

1.2.  Outline of site 
A site investigation was conducted on the 
Odagawa River dike in Okayama, Japan. A 200-
m span along the dike axis was examined, as 
depicted in Figure 2. As the first step, CPTs were 
conducted at long intervals of 50 m. As the second 
step, sounding tests were conducted at short 
intervals of 5 m. Short-interval tests are definitely 
required to determine the geostatistical 
parameters, namely, the lateral correlation lengths.  

 

Ic = 3.47− logQt( )2 + 1.22+ logFR( )2{ }
0.5

Qt = qt −σ v0( ) σ v0
'

 
Figure 1. Relationship between Nspt and Nc. 

 

 
Figure 2. Plan of investigation site. 
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1.3.  CPT results 
In Figure 3(a), the results of the CPTs are given, 
namely, the CPT N-values, Nc. According to the 
figure, there are soft layers at depths around 2 m 
and 5.5 m. Below the depth of 7 m, the ground is 
composed of stiff gravel and a sand layer; this 
does not affect the instability of the dike.  

In Figure 3(b), the soil classification is given. 
The whole area is dominated by the sand layer. 
Layers of clay or sandy mixtures are found around 
the depth =1~2.5 m in the lateral range of x=0~50 
m, while layers of silty and sandy mixtures are 
found around the depth 6.0 m at x=200 m. 

2.   MODEL CPTS AND PERMEABILITY 
TESTS 

2.1.  Test materials and equipment 
To create the relationship between the CPT results 
and the permeability, model CPTs and 

. 
Figure 3. Results of CPTs at Oda River site. 

 
Figure 4. Model test equipment. 

 

 
Figure 5. Grain size distribution. 
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permeability tests were conducted simultaneously. 
Figure 4 shows the testing equipment. After the 
sampled soils are compacted in the mold, the 
CPTs are conducted. From the compacted soil, the 
soil specimens are cut out by the 100-cc samplers 
for the permeability tests. In conclusion, the qt, fs, 
and pw values are obtained by the model CPTs, 
and the permeability is obtained by the 
permeability tests from the same samples. 

The materials are sampled from the Odagawa 
River site, where piping phenomena have been 
observed several times due to heavy rains. The 
grain size distributions are depicted in Figure 5. 
The three materials, Mats. 1, 2, and 3, have 
different distributions. Mat. 1 is the finest, while 
Mat. 3 is the coarsest. 

2.2.  Test results 
Mat. 1 is compacted into three degrees of 
compaction, and the effect of the unit weights is 
clarified. The initial water content of all the 
specimens was set to 10%. Table 1 presents the 
test cases and results.  

According to the test results, in cases where 
the unit weights are almost the same, the 
permeability increases in the order of Mat. 2, Mat. 
3, and Mat. 1. The results correspond to the grain 
size distributions of the materials. As for the 
different degrees of compaction, the greater the 
unit weight of the specimen, the greater the 
corresponding tip resistance and the smaller the 
permeability.  

From these results in Table 1, permeability k 
is derived by Equation (6). 

Table 1. Experimental cases and results of CPTs and permeability. 

 
Test numbers 1, 2, 3, and 4: Mat. 1; Test number 5: Mat. 2; Test number 6: Mat. 3. 
The Roman numbers are the repeat numbers. 
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log k = −4.91− 6.85×10−5qt

−1.43×10−2 fs −5.76×10−9 qt
2

+1.11×10−5 fs
2 + 2.68×10−6 qt fs

               (6) 

where the unit of k is m/s, and the unit of tip 
resistance qt and side friction fs is kPa.  

Since the degree of saturation in the 
conducted test cases is low, and the sensitivity of 
pw is supposed to be low,   Equation (6) does not 
include the pore water pressure. The second order 
regression equation is employed here, since the 
relatively low order regression is favorable to 
obtain the mild trend in the extrapolation range of 
the variables. While. the qt and fs have the 
correlation, and therefore, the term qtfs should be 
included, and second order regression is selected 
as Equation (6) rather than the linear function. 

Figure 6 depicts the relationship of the 
measured permeability and that predicted by 
Equation (6). The figure shows that the 
correspondence between the measured and the 
predicted permeabilities is relatively good. 
Transformation error εk is added to logk and the 
transformed permeability, kT, can be evaluated by 
Equation (7). 

  log kT = log k + σ kεk                                  (7) 

in which σk=0.246 is the standard deviation 
depicted in Figure 6 as the σ limit, and εk is the 
N(0,1) type of normal random variable. 

2.3.  Application to field test results 
The logk, derived from the in-situ CPT results by 
Equation (6), is presented in Figure 7. Around the 
locations of x = 50, 85, and 150 m of z= 0~0.4 m, 
the permeability is very high. At x =100 and 150 
m of around z=5 m, there are also high 
permeability zones. 

3.   STATISTICAL METHODS 

3.1.  Statistical models of spatial variability 
A representative variable for the soil 

properties, s, which corresponds to logNc or logk 
in this study, is defined by Equation (8) as a 
function of location X=(x, y, z). Variable s is 
assumed to be expressed as the sum of mean value 
m and random variable U, which is a normal 
random variable in this study. 

     s X( ) = m X( ) +U X( )                             (8) 

The random variable function, s(X), is 
discretized spatially into random vector 
st=(s1,s2,...,sM), in which sk is a point estimation 
value at location X=(xk, yk, zk). The soil 
parameters, which are obtained from the tests, are 
defined here as St=(S1,S2,..., SM). Symbol M 
signifies the number of test points. Vector S is 
considered to be the realization of random vector 
st=(s1,s2,...,sM). If variables s1, s2,..., sM constitute 
the M - variate normal distribution, the probability 
density function of the variable, s can then be 
given by the following equation: 

      
(9) 

in which mt=(m1,m2,...,mM) is the mean vector of 
random vector st=(s1,s2,...,sM); it is assumed to be 
the following regression function. In this research, 
a 2-D statistical model is considered, namely, 
horizontal coordinate x, which is parallel to the 
embankment axis, and vertical coordinate z are 
introduced here. The element of the mean vector 
is described as 

mk = a0 + a1xk + a2zk + a3xk
2 + a4zk

2 + a5xkzk  (10) 

fS s( ) = 2π( )−
M
2 C −12 exp −

1
2
s−m( )tC−1 s−m( )

⎧
⎨
⎩

⎫
⎬
⎭

 
Figure 6. Relationship between measured and 

predicted permeabilities. 
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in which (xk, zk) means the coordinate 
corresponding to the position of parameter sk, and 
a0, a1, a2, a3, a4, and a5 are the regression 
coefficients.  

C is the M×M covariance matrix, which is 
selected from the following four types in this 
study: 

   

C = Cij
⎡⎣ ⎤⎦

=

σ2 exp −
xi − x j

lx

−
zi − z j

lz

⎛

⎝
⎜
⎜

⎞

⎠
⎟
⎟
             (a)

σ2 exp −
xi − x j( )2

lx
2 −

zi − z j( )2

lz
2

⎧
⎨
⎪

⎩⎪

⎫
⎬
⎪

⎭⎪
       (b) 

σ2 exp −
xi − x j( )2

lx
2 +

zi − z j( )2

lz
2

⎧

⎨
⎪

⎩
⎪

⎫

⎬
⎪

⎭
⎪
    (c) 

Neσ
2 exp −

xi − x j

lx

−
zi − z j

lz

⎛

⎝
⎜
⎜

⎞

⎠
⎟
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⎪
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i, j = 1,2,⋅⋅⋅, M

 (11) 

     
in which the symbol [Cij] signifies an i-j 
component of the covariance matrix, σ is the 
standard deviation, and lx, and lz are the 
correlation lengths for the x and z directions, 
respectively. Parameter Ne is related to the nugget 
effect. Akaike’s Information Criterion, AIC 
(Akaike, 1974), is defined by Equation (12) 
considering the logarithmic likelihood. 

AIC = −2 ⋅max ln fS S( ){ }+ 2L =M ln2π

+min ln C + S−m( )tC−1 S−m( ){ }+ 2L
  (12) 

in which L is the number of unknown 
parameters included in Equation (9). By 
minimizing AIC (MAIC), the regression 
coefficients of the mean function, the number of 
regression coefficients, the standard deviation, σ, 

a type of covariance function, the nugget effect 
parameter, and the correlation lengths are 
determined. In other words, the determined 
parameters and the selected covariance function 
correspond to the minimum AIC. 

For logNc and logk, the determined mean and 
covariance functions are determined by the 
following equations, respectively: 
logNc: 

0.379 0.111m z= +                                  (13) 

( ) ( )
2 2

2, 0.261 exp
10.0 0.48
x zC x z

⎧ ⎫Δ Δ⎪ ⎪⎛ ⎞ ⎛ ⎞Δ Δ = − +⎨ ⎬⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠⎪ ⎪⎩ ⎭
 

(14) 

logk: 

5.23 0.0557m z= − −                                (15) 

( ) ( )
2 2

2, 0.476 exp
15.9 0.46
x zC x z

⎧ ⎫Δ Δ⎪ ⎪⎛ ⎞ ⎛ ⎞Δ Δ = − +⎨ ⎬⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠⎪ ⎪⎩ ⎭
 

(16) 

3.2.  Geostatistical simulation method 
In the present study, the sequential Gaussian 
simulation method is conducted; analysis code 
SGSIM (Deutsch and Journel 1992) is employed 
for the task. A realization ξ 

c
(l) by SGSIM is given 

by Equation (17); it is conditioned at the sample 
points so that the realized values coincide with the 
sample values. 

  ξc
l( ) x, z( ) = ξ∗ x, z( ) + ξ l( ) x, z( )− ξ∗ l( ) x, z( )  (17) 

in which ξc
(l)(x,z) means that the l th realization, 

ξ*(x,z), is an estimated value by kriging, and ξ 

(l)(x,z) is the l th realization without conditioning. 
ξ*(l)(x,z) is the kriged estimation using the values 
of ξ (l)(x,z) at the sampling points. On the right side 
of Equation (17), the first item is an estimated 
value of kriging as an average. The remainder of 
the second and third items shows an estimation 
error of kriging. The realization, ξc

(l)(x,z) is used 
as logNc and logk . To the generated realizations 
of Nc, and logk, the transformation errors are 

Ne =1      i = j( )
Ne ≤1      i ≠ j( )

⎧
⎨
⎪

⎩⎪
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added, and finally, random numbers for NSPT and 
logkT are created. For the random variables, the 
Monte Carlo simulation is repeated 2000 times. 

4.   RESULTS OF SIMULATIONS 

4.1.  Spatial distribution of N values 
Figure 8 shows the distribution of NSPT 
interpolated by the geostatistical simulation. 
Figures (a), (b), and (c) present the mean, the 
standard deviation, and the probability of N < 5, 
respectively. Weak locations are found around 
x=0~30 m, z=1.5~3.0 m; x=180~210 m, 
z=1.5~3.0; and x=70~120 m, z=0.0~0.3 m．
Except for the span at x=30~100 m, around z=1~3 
m, there are weak locations. 

4.2.  Spatial distribution of permeability  
Figures 9(a) and 9(b) present the mean and the 
standard deviation of transformed permeability kT.  
The trend of the two figures is coincidental. At 
locations of (x m, z m) = (0~40, 0~3), (0~40, 
4.5~5.5), (130~180, 0~0.5), (170~190, 1.5~3.5), 
and (170~190, 4.0~6.5), the possibility of high 
permeability is great. Considering Figure 8(c), the 
permeability is high and the strength is low at the 
locations of (x m, z m) =(0~30, 1.5~3) and 
(180~190, 1.5~3.0). The piping risk is also 
supposed to be high at these locations. 

5.   CONCLUSIONS 
(1) As a field investigation approach, CPTs were 

conducted with the long intervals of 50 m, 
namely, the tests were sparsely conducted. 
According to the results of the sparse tests, 
detailed tests with short intervals of 5 m were 
then scheduled. Based on the detailed tests, it 
was possible to precisely predict the weak 
locations and to determine the parameters for 
the geostatistical modeling. 

(2)  To confirm the relationship between the CPT 
results and the coefficients of permeability, 
model CPTs and permeability tests were 
conducted with the same samples. The 
relationship between the measured 
permeability and that predicted by the CPTs 
was derived. 

(3) The statistical models used to present the 
spatial variability for the N value and the 
permeability were reasonably determined from 
the CPT results. 

(4) As a spatial interpolation method, a sequential 
Gaussian simulation was employed. With this 
approach, the weak locations (N <5) and the 
highly permeable areas were identified. These 
areas could be at high risk for piping. 

 
Figure 7. Permeability derived from CPTs at Oda River site. 
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(a) Mean 

 
(b) Standard deviation 

 
(c) Probability of N<5  

 
Figure 8.	 Simulation results for NSPT 

 

 
(a) Mean 

 
(b) Standard deviation 

Figure 9. Simulation results for kT (Unit: m/s) 
 


