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SYNOPSIS: The strain rate dependant behavior o f soils under pressuremeter stress path are modelled within the unified environment o f neural networks. 
Artificial neural networks is a knowledge representation paradigm developed by the researchers in the field of artificial intelligence. Several introductory 
aspects of neural networks is covered in this paper including the back propagation learning rule which has caused resurgence o f interest and research in this 
field. Strain rate dependant behavior of kaolin-silica soil under anisotropic conditions was determined using cuboidal shear device and the experimental results 
were used to train the artificial neural network with simplified topology. The neural net predictions are consistent with the observed rate dependant behavior 
of the soil. Ongoing research by the authors with more refined network topology along with the concepts o f plasticity indicate an excellent agreement between 
the observed behavior and neural net predictions. Authors see an immense potential for the applications of well trained neural net for a specific task in the 
research and consulting aspects o f geotechnical engineering.
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INTRODUCTION

Artificial Intelligence based knowledge representation paradigm called neural 
networks is presented in the paper to model rate dependant behavior o f clay. 
The objective is to represent the strain rate dependant behavior o f soils under 
pressuremeter stress path within the unified environment o f an artificial 
neural networks. Neural networks are under much study recently. Made of 
highly inter-connected simple neurons, they are capable o f  being trained by 
adjusting the interconnecting weights. Neural nets have the ability to 
process a large number o f  alternative hypotheses at the same time and can 
make decisions on them with noticeable speed. This allows neural 
networks to learn tasks, and are capable o f highly parallel computations. 
They are also by the nature of their architecture more fault tolerant than 
traditional computer architectures. Several introductory aspects o f neural 
networks will be addressed in brief along with their current applications for 
the better appreciation o f  the geotechnical research community. The popular 
back-propagation training algorithm, associative memory, stoichastic 
neurons, self-organizing networks are explained in the paper. Neural nets 
present an alternative to traditional computing. Some of the advantages it 
boasts are its massive parallelism, which increases computational speed and 
the ability to handle more complex problems, and its robustness (fault 
tolerance). They also have the advantage o f being able to adapt (learn) to 
the tasks at hand.

M U LTILAYER NEURAL NETW ORKS

Most o f  the multi-layer neural networks are feed-forward nets with one or 
more layers o f neurons between the input and the output neurons. There 
are no interconnections between neurons in the same layer, however each 
neuron’s output in the same layer provides an input to each and every other 
neuron in the next layer. A two layer neural network (excluding the input 
layer), with one hidden layer is shown in Fig. 1. Network topology includes 
the number o f  layers and the number o f nodes. For the neural net shown in 
Fig. 1, topology includes a three layer feedforward network with three input 
neurons, two hidden and three output processing units. This configuration 
o f neural network can form any, possibly unbounded convex region in

space spanned by the inputs. With an addition o f another hidden layer, the 
neural network can solve arbitrarily complex decision regions. It is thus 
uncommon to see multi-layer neural networks with more than two hidden 
layers.
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Figure 1: Multi-layered neural network with one hidden layer

The number o f  input neurons are equal to the input patterns. The input 
layer o f  neurons simply pass on their values to the hidden layer. They do 
not serve any useful fiinction except that they have been traditionally 
included in discussions on neural networks in the literature, and so is
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included to preserve consistency. There is no set rule as to the number of 
neurons in the hidden layers. Most people use a rule o f thumb that the 
number o f neurons in the hidden layers must be large enough to address the 
problem and still be small enough such that the weights can still be reliably 
estimated from the average training data. The number o f neurons in the 
second hidden layer (if any) has been recommended to be at least three 
times as many as in the first hidden layer by Lippman (1987). The 
capabilities o f the multi-layer neural networks stem from the non-linear, 
activation functions that are used in the hidden and output layers.

BACK PR O PA G A TIO N  TRAINING A LGORITHM

Multi-layer neural networks are trained by supervised learning. One training 
algorithm in particular, the Back-propagation training algorithm was a 
major breakthrough and revived the popularity o f multi-layer neural 
networks. The Back-propagation algorithm is a supervised adaptive 
learning algorithm popularized by Rumelhart et a l., 1986. It minimizes the 
mean square error between the desired output and computed output by 
adjusting the interconnecting weights using the gradient descent method. 
It uses sigmoid function as the activation function.

The net is trained by pre-setting all the weights and internal thresholds to 
small random values and presenting the complete set o f  training data 
repeatedly. The weights are adjusted after every trial based on the 
information o f the correct class. The algorithm iterates, propagating errors 
back from the output layer to the internal layers and adjusts the weights until 
they converge and the cost function is reduced to an acceptable level as 
shown below:

1)Initialize all the weights and node offsets to small random values.

2)Present input vector [xO,...,xn] and corresponding output vector
[zO,...,zn].

3)Calculate actual output vector from the net, [yO, ...,yn],

4)Using a recurssive algorithm, start from the output nodes and work back
to the first hidden layer and adjust the weights by

5)Repeat by going to step 2.

6 )Stop when the change in weight is below a certain predefined criterion.

NEURAL N ETW O R K  EXAM PLE

Neural network was used to model a nonlinear power function relationship 
between the patterns o f input and the output processing units. The power 
function o f type Y =  (1)“  /  (2) X1 was used to relate the input and the 
output. For convenience, binary input was used. The following pattern of 
data (Table 1) was used to train the artificial neural net with maximum error 
tolerance o f five percent o f  the output. Three layer feed forward network 
was used for this case with two input units, two hidden units and one output 
unit. The trained network along with the weights o f the network connections 
and the threshold levels for the hidden and output nodes are indicated in Fig.
2. It took only 6 8 8  epochs for the net to converge within the specified limits 
o f tolerance. The example illustrates the ability o f hidden units to represent 
internally complex and at times fuzzy relationship.

Table 1: Pattern of Input-Output Data

XI X2 Y

1 1 0.5

0 0 1.0

1 0 0.5

0 1 1.0

Wj(t+1) = ŵ t) + i)6jXi (1)

where w5(t) is the weight ftom the i-th node in the lower layer to die j-th 
node in the upper layer at time t, X; is either the output o f node i or is an 
input, is a gain term and 6j is an error term for node j .  If node j  is an 
output node, then

=  Yj(l - Yj)(Zj - Yj) (2 )

where zi is the desired output o f  node j  and y, is the actual output. If node 
j  is an internal node, then

 ̂ = *¡(1 -*j) (3)

where k  is over all nodes in the layer right above node j .  Internal node 
thresholds are adapted in a similar manner by assuming that they are the 
connection weights on links from a auxiliary constant-valued input. 
Convergence may be accelerated by adding this momentum term to the 
weight change (eqn 1),

“ (Wj(t) - w5(t-l)); 0 <  a  < 1 (4)

Figure 2: Power Function Neural Net
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The procedure followed by the trained neural net to compute output in this RA TE DEPENDANT BEHAVIOR O F  CLAYS USING NEURAL 
example for any given input pattern is illustrated using the inputs x l =  0 and NETW ORKS 
x2  =  1 (i.e fourth row of the table) as below:

O., =

*  - Ì E W » .  I
1 + e I ' J

Opj =  output o r activation o f unit j  for input pattern p

° p*  =
1  +  e -[Q.76XO * (0.19)0) -  1.29]

p h 2

1 +  q  -  [(-2-2X0) * (0.24X1) • 0.93]

0.2497

0.7631

J  +  e  -[(-3.06X0.2497) .  (2.75X0.7631) .  1.9]
0.964

Similar calculations are repeated by the neural net for predicting the complete 
output for the given input pattern.

A R TIFIC IA L NEURAL NETW ORK PROGRAM

A neural network program coded in fortran was used to perform the tasks 
described above. The salient features involved in this code are indicated in 
the following section. The authors chose to use their own code for the 
research to have the flexibility to evaluate the effects o f the learning 
procedures used, perform sensitivity analysis on normalizing procedures, 
momentum and learning rate parameters. The standard set o f subroutines 
involved in the neural network program are:

a) IN ITIA LIZE: This subroutine initializes all the elements o f arrays 
(typically arrays involving weights, input and output vectors)

b) FEEDFORW A RD: Input vector provided to the neurons o f input layer 
for each data pattern are propagated through the hidden layer to the output 

layer using this routine.

c) ERRORM EASURE: The output calculated using FEEDFORW A RD for 
each o f the output neurons for all the patterns o f data are compared against 
the target output vector and the maximum error is computed. Using the 
generalized delta rule discussed in the previous section, the error is then back 

propagated using this subroutine.

To circumvent the difficulties associated with the sampling o f soils and 
subsequent laboratory testing, the geotechnical profession is increasingly 
using in situ testing devices like Pressuremeter to determine the stress-strain 
behavior o f soil. Pressuremeter testing has been very promising because of 
its well defined boundary conditions and its ability to measure the in situ 
horizontal stress. Despite this appeal, the major setback was that the 
conventional pressuremeter consistently yielded high undrained strength and 
modulus values compared to other laboratory or field tests. One of the 
hypothesis proposed by the authors to explain these differences was the 
effect o f higher strain rate that is normally associated with the pressuremeter 
testing. In order to evaluate strain rate effects for cylindrical cavity 
expansion problems, with specific emphasis on pressuremeter testing, series 
o f tests using pressuremeter stress path were performed using the cuboidal 
shear device, Skandarajah et al.,(1991). Tests were performed on 102 mm 
cube samples, obtained from artificially sedimented slurry and the 
pressuremeter loading path (i.e., one dimensional consolidation followed by 
undrained shearing under conditions of plane strain in the plane 
perpendicular to the direction o f consolidation) was performed at different 
strain rates to evaluate the strain rate effect on stress strain characteristics. 
The same experimental data was now used for training the artificial neural 
network. The input data for training the network was obtained from 
F ig .3; Skandarajah et al.,(.1991). The inputs for the neural net were the 
stress level and the strain rate obtained from the test data for kaolin-silica 
mix for varying strain rates. The output was the observed strain (in 
percent). A three layer feed forward neural network with seventeen hidden 
nodes were used for training. The connection weights and threshold levels 
are obtained at the end of training. Figures 4 and 5 indicate the predictive 
ability o f the neural network. It has to be clearly understood that the stress- 
strain variation for all the varying strain rates were simultaneously used as 
the input data for the learning process o f the network. For easy 
visualization they are shown in separate plots. The highly nonlinear elasto- 
plastic rate dependent behavior observed for the kaolin-silica soil for the 
strain rates varying form 0 .0 1 % per min to 1 % per min were 
transformed to 31 patterns of data and were used to train the neural net.

d) W EIGHTS: From the error computed for each of the pattern o f pairs of 
input and output data using the ERRORM EASURE, change in weights 
(ApWji) are computed and the weights are updated.

Figure 3: Strain Rate Effect on Stress-Strain Curves

ERRORM EASURE subroutine is based on back propagation algorithm using 

generalized delta rule. The core o f the program is extremely simple,i.e a 
central loop with the above subroutines in the appropriate sequence. It is 
typical o f the sequence o f computations involved in artificial neural network 

programs for learning and predicting.

Even with such a simplified network topology (the inputs were only the 
shear stress level and strain rate and the output being the radial strain level), 
reasonable results were obtained and dearly  demonstrates the potential of 
this computational paradigm. The normalized error allowed for this initial 
investigation was fifteen percent (fairly high) and still relatively good 
predictions were made by the neural net.
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90- CONCLUSIONS

I E*p*nnwittJ Result — Nwjril Net Oirtput

Figure 4: Shear Stress - Radial Strain

Figure 5: Shear Stress - Radial Strain

It is the writers contention that by employing more input data for the 
learning process, using a larger neural net and decreasing the allowable 
normalized error, better results can be obtained. Currently authors are 
involved in combining the concepts of the theory o f plasticity o f soils along 
with neural networks to model the anisotropic rate dependant behavior of 
soils. The neural net predictions are in excellent agreement with the 
experimental data and these will be published at a later date. For the case 
discussed above, the network was arbitrarily chosen to be made o f three 
layers and had seventeen hidden units. Efforts are being made to enhance 
this approach by establishing guidelines for network topography in terms of 
evaluating number o f hidden neurons from first principles of mechanics. 
This coupled with training the neural net for specified stress paths using 
plasticity concepts will give the ability for the network to leam and is the 
incentive for the current research effort by the authors.

In this paper, modeling o f rate dependant stress-strain behavior o f clays 
using artificial neural networks has been demonstrated. The writers see an 
immense potential for the application of this artificial intelligence technique 
in various fields of geotechnical engineering. Authors are currently doing 
research to evaluate the size and the network topology from the 
understanding of engineering mechanics. The nonlinear elasto-plastic rate 
dependant behavior observed for kaolin-silica mix under pressuremeter stress 
path are simulated reasonably well using a relatively simple neural network. 
The results from this initial investigation are encouraging to pursue further 
research in this area and for the potential application o f this technique to deal 
with other common but difficult problems associated with the geotechnical 
profession. The authors see an immense potential for the application o f well 
trained neural network for a specific task, in the form of an Integrated 
Circuit, for its use in the field for practicing geotechnical engineers.
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