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Undrained shear strength of norwegian clays estimated by neural networks
La détermination de la contrainte de cisaillement au cour d’essai non-drainé des argilles norvégiennes 

par les reseaux de neurones

P.U.Kurup — University ol Massachusetts Lowell, Lowell, MA, U.S.A.
N.K.Dlldani - Haley S Aldrich, Boston, MA, U.S.A.

ABSTRACT: This paper describes an artificial neural network model for estim ating undrained shear strength from piezocone pene
tration test (PCPT) data. The m odel requires the follow ing five input variables: cone resistance, total vertical overburden pressure, ex

cess pore w ater pressure at the cone tip, excess pore w ater pressure m easured ju st above the cone base (reference location), and the 
hydrostatic pore w ater pressure. The neural network was trained using partial set o f  PCPT data from three N orw egian geotechnical 
test sites (Bakklandet, G lava and V aloya clays). The rem aining data was used to verify the predictive capabilities o f  the model. The 
undrained shear strengths at these sites were also estim ated using some o f  the existing interpretation techniques. The neural network 
model was found to give better predictions o f  undrained shear strength com pared to the methods evaluated.

RÉSUMÉ: Dans cet article, les auteurs ont présenté un modèle des réseaux de neurones artificielles pour déterm iner la contrainte de 
cisaillement à partir des données d 'essais pénetrom ètriques au piezocône. Les cinqs données requises pour le functionnem ent du 
modèle sont les suivantes: la résistance de point, la charge verticale totale, la surpression interstitielle, autour de point, la surpression 
interstitielle au dessus du cône (au point de réference), et la pression interstitielle. Le réseau de neurone a été entraîné en utilizant une 
partie du serie des données obtenues de trois sites d experim entation géotechnique en N orvège (des argilles de Bakklandet, Glava et 
Valoya). Les données restantes ont été utilisées pour valider le modèle. En com paraison, autres techniques d 'interpretation existantes 

ont été utilisées pour évaluer les contraintes de cisaillem ent à ces sites. Les données ont m ontré que le modèle des réseaux de neu
rones donnent les résultants qui calen t m ieux les contraintes de cisaillem ent au cour d 'e s sa i  non-drainé que les autres méthodes 

évaluées.

1 IN TR O D U CTIO N

The increasing use o f  the piezocone penetration test (PCPT) in 
geo-media characterization has resulted in a growing need for 
reliable m ethods to estim ate engineering soil properties. D eter
mination o f  the undrained shear strength §„), o f  cohesive soil 
deposits is an im portant step for the analysis and design o f  safe 
and efficient geotechnical systems. Several m ethods (based on 
bearing capacity approach, cavity expansion models, strain path 

method, em pirical and sem i-em pirical m ethods) have been tfc- 
veloped for predicting su from  PCPT data. H ow ever m ost tech
niques fail to accurately describe the com plex process and soil 
behavior around an advancing probe. The soil elem ents in front 
o f the tip are subjected to a changing state o f  stress (involving 
rotation o f  the principal stresses) as they slide along the cone 
face up the shaft. Because o f  the continuous failure and the 
varying state o f  stress, the m ode o f  failure is very much different 
from any o f  the laboratory tests used to determ ine the undrained 
shear strength. In addition to the above, the strain rates experi
enced by the soil elem ents in the vicinity o f  the cone is very high 
compared to that in a conventional triaxial or vane shear test. A 

number o f  factors such as stress history, rigidity index, sensitiv
ity, soil and stress anisotropy, soil fabric, and strain rate, influ
ence the correlation o f  PCPT data w ith s^. Existing analytical 
models cannot take into account all the above factors in the 
evaluation o f  %. This paper exam ines the feasibility o f  using 
neural networks to estim ate the undrained shear strength o f  clays 
from PCPT data. The neural netw ork w as trained using actual 
PCPT data from three w ell-referenced (Sandven 1990) N orw e
gian geotechnical test sites (Bakklandet, G lava and Valoya 

clays). The reference undrained shear strength values were <b- 

tained from laboratory triaxial tests. The model was able to learn 
the correlation betw een the PCPT data and s„. The validity o f  the 

model was further verified by presenting it with new data and 

comparing model predictions with reference s„ values.

2 BACKGROUND

Many methods (analytical and empirical) have been proposed to 
determine s„ from PCPT data. For this paper the following inter

pretation models were considered: ( 1) bearing capacity models;
(2) cavity expansion m odels; (3) strain path m ethod (4) empirical 
methods (5) artificial neural network model (proposed method).

2.1 Bearing capacity m odels

In bearing capacity models, the cone resistance is assumed to be 
equal to the collapse load o f  an axisymm etric deep foundation. 

Empirical depth factors and shape factors are used to modify the 
plane strain bearing capacity solution, for axisym m etric deep 
penetration problem s. The cone resistance, q, during undrained 
penetration in cohesive soils can be expressed in the following 
form:

l — NcSu + d o  (1)

w here N c =  analytical cone factor; and • vo = total vertical stress. 
Based on different assum ed failure patterns (geometry o f  the 
plastified zone), the follow ing values for N c have been sug
gested: N c = 7.4 (Terzaghi 1943); N c =  9.3 for smooth base, and 
N c =  9.7 for rough base (M eyerhoff 1961); N c =  9.6 (Durgunoglu 
& M itchell 1974).

Bearing capacity models have limitations when used to ana
lyze deep penetration problems. The boundary conditions used 
are not appropriate for deep cone penetration. In shallow  pene
tration problems, the soil moves outwards and upwards to the 
surface, whereas in deep penetration problem s, the displaced soil 

(inner plastic zone) is accom m odated by the elastic deformations 
o f  the soil in the outer zone. The method also involves empirical 
correction factors for depth and shape. It cannot model the con

tinuous process o f  the cone penetration mechanism.

2.2 Cavity expansion m odels

During the PCPT, som e surface heave occurs at shallow depths 
o f  penetration. H ow ever at larger penetration depths, little sur
face heave is noticed and it has been argued that the soil moves 
predom inantly outwards. The general form o f  soil m ovem ent at 
the penetrom eter tip has been visualized as that due to the expan
sion o f  a spherical cavity from zero radius to an equivalent pene

trometer radius. The ultim ate cavity pressure required to expand 
the spherical cavity is often considered an estimate o f  the cone
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resistance (at the tip). Many theories for cavity expansion have 
been developed. Vesic (1977) developed solutions for sphercal 
cavity expansion in an isotropic soil media governed by the 
Mohr-Coulomb failure criteria. The effects of volume change in 
the plastic zone were taken into account. For undrained cavity 
expansion in cohesive soils, the following expression for Nc was 
derived:

Ak = - ( l  + ln /r )+ 2 .5 7  
3

(2)

where Ir = G/Su = rigidity index; and G = shear modulus at 50% 
peak shear stress.

The cavity expansion theories are one-dimensional theories 
and do not take into account the two-dimensional nature of the 
penetration process. It involves assumptions for the rigidity n- 
dex, and the equivalent spherical cavity radius (during predc- 
tions of excess pore pressure distribution). Cavity expansion 
studies using work hardening elastoplastic soil models have been 
used by Randolph, et al. (1979), Banerjee & Fathallah (1979), 
and Chopra, et al. (1992) to analyze PCPT results.

2.3 Strain path method

The steady penetration method (Baligh, 1985; Teh & Houlsby, 
1991) hypothesized that due to strict kinematic constraints in 
deep penetration problems, soil deformations, and strains were 
independent of the shearing resistance of the soil and the prob
lem was essentially strain controlled. The cone penetration 
problem was analyzed by considering the flow of an incom
pressible, inviscid fluid (soil) around a static penetrometer. The 
strain history for each soil element was determined from the 
computed flow pattern. The deviatoric stresses were then deter
mined (using appropriate initial stresses) by integration of the 
appropriate constitutive laws along the streamlines. The mean 
normal stress was then determined using one of the equations of 
equilibrium (radial or axial) and integrating from an outer 
boundary starting from some point sufficiently away from the 
cone. The stresses often did not satisfy the equilibrium equa
tions, reflecting the error in the assumed flow field. Teh & 
Houlsby (1991) used a large strain finite element method to cor
rect the inequilibrium by applying incrementally equal and oppo
site forces with the cone held stationary. The expression for Nc 
including the effects o f cone roughness, rigidity index, Ir, and 
initial in-situ stresses was given by:

Mr = — (l +  In /r)
3

1.25+ -
Ir

2000
(3)

2.4 Empirical methods

The undrained shear strength may be estimated using the fol
lowing empirical equation suggested by Lunne, et al. (1985):

Ql Owo 
Su -  2 ----------

Nk,
(4)

where = empirical cone factor. Nkx values have been e- 

ported to vary between 4 and 30 in actual practice. Several fac
tors such as plasticity, stress history, stiffness, sensitivity, fabric 
are known to be the cause for such wide variations.

Based on cavity expansion theories, Massarsch & Broms 
(1981) proposed an empirical equation (Equations 5) for esti
mating s,, using penetration induced excess pore pressures.

A u

n :

(5)

where • u = excess pore pressure (• u, or • u2); and H  „ = em
pirical pore pressure factor (N. u] or N. U2) The value of N. u, may 
vary between 2 and 20 , depending on the soil type, in-situ stress 
state (K J, rigidity index (Ir), overconsolidation ratio, sensitivity, 
and the soil micro and macro fabric. Values for N. u as a function 
of the plasticity index (Ip), rigidity index (G/s„), and the Skemp- 
ton’s pore pressure parameter at failure (Af), for two different 
filter locations (cone tip and cone base) were given in the form 
of interpretation charts (Massarsch & Broms 1981).

Artificial neural networks (ANN) are data processing paradigms 
that work similar to the brain in processing information (Koho- 
nen 1988, Aleksander & Morton 1990, Hertz et al. 1991). Just 
like the neurons in the human brain, neural networks are made of 
a number of interconnected processing units (neurons) organized 
in layers. Neural networks have been found to be very useful in 
learning complex relationships between multidimensional data. 
A particular strength of ANN is its relative tolerance to noisy 
and fuzzy data. This makes it more robust and flexible than 
mathematical models. Many types of neural network exist. These 
neural networks differ in the topography or architecture and the 
rules of learning and self-organization. Back-propagation neural 
networks have been used in geotechnical engineering because of 
its simplicity and robustness (Ghaboussi 1992, Goh 1995, Ali & 
Najjar 1999, Penumadu & Chameau 1997). A feed-forward net
work, trained by back-propagation, was used in this research.

2.5 Artificial neural network modeling

3 ANN MODEL FOR ESTIMATING SHEAR STRENGTH

A typical back-propagation neural network consists of process
ing units (neurons) organized in layers. The connection between 
the neurons in the different layers is as shown in Figure 1, where 
the output from one neuron is one of the inputs to all the neurons 
in the next layer and the inputs are the outputs from all the neu
rons in the previous layer. With each connection is associated a 
modifiable weight (models the synapse in the brain). Each neu
ron transforms the weighted sum of the inputs into a single out
going activity that it transmits to all other neurons in the next 
layer. A transfer function (tansigmoid) was used by the hidden 
layer neurons to transform the input values.

ANNs, like people, leam by examples. Training of a neural 
network is conducted by presenting a series of example pattern 
of associated input and output values. Initially when a network is 
created the connection weights are set to random values (random 
numbers). As the training sets of inputs and outputs are pre
sented, the weights are automatically modified by the adopted 
learning rule until the ANN gives the desired output. Once the 
ANN is trained, the prediction mode simply consists of propa
gating the data through the network, giving immediate predic
tions.

The following five input variables were used for the model: 
cone resistance (4 ) corrected for unequal end area, total vertical 
overburden pressure £jv), pore water pressure at the cone tip 
(U |), pore water pressure measured just above the cone base (U2), 

and the hydrostatic pore water pressure (Uo). Hence the input 
layer had five neurons. The only output is the shear strength, and 
therefore there was only one output neuron (in the output layer). 
The hidden layer enabled non-linear modeling of the sensor data. 
The number of neurons in the hidden layer was determined by a 
trial and error method, i.e. by training the network with different 
number of hidden neurons and comparing the results with the cfe- 
sired output. A hidden layer with ten neurons gave good results 
for estimating the undrained shear strength of the sites. Thus a 
5x10x1 network architecture was trained and tested for predict
ing undrained shear strength from PCPT data. The architecture 
of the ANN model used in this study is illustrated in Figure 1.

Hidden
Layer

Figure I. Architecture of the neural network model
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Weights between the hidden and the output layer neurons (in 
the form O x H):
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Bias for the output neuron (in the form O x l) :  

na.b{2}-[2\2]

Figure 2. PCPT profiles in Valoya, Bakklandet and Glava sites

3.1 Training and testing the model

The neural network was trained using partial set (75% of the 
complete data set) of PCPT data from three Norwegian geotech- 
nical test sites. The ground water table at the Valoya, 
Bakklandet, and Glava sites were located at depths of 3.0 m, 4.0 
m and 0.5 m respectively. The PCPT profiles are shown in Fg- 
ure 2 (Sandven 1990).

The entire data set was first normalized with the largest num
ber from the data set (2138 kPa: corresponds to the cone resis
tance in Valoya clay), so that the input to the ANN model was in 
the range -1 to +1. Such a transformation was also performed 
during the testing phase. Training was performed until the aver
age sum squared errors over the entire training pattern reached a 
minimum. This occurred after approximately 5000 cycles of 
training. The weight and bias matrices obtained after the training 
phase are given below.

Weights between the input and the hidden layer neurons (in 
the form H x I):

15.0 -3.5 1.6 -3.0 -18.5

5.5 -3.3 2.5 -3 .3  -9 .5  

-14.4 14.8 6.1 4.4 32.6 

-18.8 -5.1 -3.8 18.4-240.4 

-15.2 13.7 7.2 0.8 31.6 

-14.0 2.2 5.1 -12.4 37.2 

4.7 12.1 1.2 10.2 42.3 

-2 .7  -4 .9  2.9 -13.1 12.7

7.4 3.5 2.5 -3.9 35.1

4.5 -4.8 13.8 3.1 -43.7
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Figure 3. Predicted profiles o f undraincd shear strength in Valoya, 
Bakklandet and Glava sites

439



The ANN model was first tested using the data set that was 
used for training (75% of the complete data set). The model pre
dictions (using the training data) are compared with the reference 
s„ values obtained from triaxial tests in Figure 3. It can be seen 
that the ANN model was able to accurately predict the s„ of the 
training data. The model was further tested using new data (25% 
of the complete data set) that was not used in the training phase. 
The Sy predicted by the ANN (testing data), and those predicted 
by some of the existing interpretation methods are compared 
with the reference ^  values in Figure 3. The bearing capacity 
model because of its smaller Nc value, overpredicted % at all 
three sites. The empirical methods based on the cone factor and 
the pore pressure factors were found to give reasonably good es
timates of s„ (compared to the analytical methods). Overall it can 
be seen that the ANN model gave very reliable estimates of ^ 
when compared to the analytical models and the empirical melh- 
ods. The ANN model described in this paper does not require the 
PCPT sleeve friction measurements. The advantage of the ANN 
model over the analytical methods is that the model does not re
quire the rigidity index for input. The influence of the soil rigid
ity index is reflected on the measured PCPT data, and the ANN 
model was able to leam the correlation between the PCPT data 
and s„. Using simple matrix operations, the weight and bias ma
trices given above may be used to estimate the s„ of any site 
from the PCPT data. However the applicability of the model to 
other sites has not been verified in this paper. Future research 
will involve training the model with data obtained from several 
test sites around the world, and comparing model predictions 
with other strength estimation methods (Olsen 1995) not consid
ered in this paper due to length limitations.
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4 CONCLUSIONS

A feed-forward, back-propagation neural network model was 
developed to estimate undrained shear strength of cohesive soils 
from PCPT data. The ANN model was found to give very reli
able estimates of the undrained shear strength when compared to 
the interpretation methods evaluated. The advantage of the ANN 
model over the analytical methods is that the ANN model does 
not require the soil rigidity iidex for input.
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