
ABSTRACT 
 
JEON, JONGKOO. Fuzzy and Neural Network Models for Analyses of Piles. (Under the 
direction of Dr. M. S. Rahman.) 
 

Piles have been used as a foundation for both inland and offshore structures. The 
evaluation of the load carrying capacity of a pile, setup, and its drivability are important 
problems of pile design. First, the best way to estimate the ultimate capacity of pile is a static 
load test. However, static load tests can not be done routinely because of high cost involved. 
The most frequently used method of estimating the load capacity of driven piles is to use 
dynamic driving formula. But these formulae cannot explain time-dependent events, and 
cannot cover a variety of pile driving systems. Second, an evaluation of ultimate load 
capacity considering pile setup may lead to more economical pile design leading to 
reductions in pile lengths, pile sections, and the size of driving equipment. The commonly 
used relationships do not provide reliable predictions for use in practice because the methods 
used to estimate pile setup are highly empirical and their predictive abilities are limited by 
the corresponding data sets from which they were derived. Third, in practice driving criteria 
are provided to the contractor for the piles to have a required load bearing capacity and to be 
driven without being overstressed. A wave equation based computer program is used to 
generate the pile driving criteria for every project. This process takes a significant amount of 
time and requires the usage of several procedures as PILECAP, GRLWEAP, PDA, and 
CAPWAP. This current practice requires significant training skills, and can be very time 
consuming since a good deal of effort is devoted to the analyses.  

The essence of modeling is prediction, which is obtained by mapping a set of 
variables in input space to a set of response variables in output space through a model. The 
conventional modeling of the underlying systems, often tends to become quite intractable and 
very difficult. Recently an alternative approach to modeling has emerged under the rubric of 
‘soft computing’ with ‘neural network’ and ‘fuzzy logic’ as its main constituents. These are 
‘observational models’ developed on the basis of available sets of data representing a 
mapping between input and output variables. The general nature of geotechnical problems 
and the consequent role engineering judgment plays in their treatment, make them ideally 
amenable to this approach of modeling. The development of these models however requires a 
set of data. Fortunately, for many problems such data are available. Fuzzy systems and neural 



networks are both model-free numerical estimators. They share the ability to improve the 
predictive capability of a system working in uncertain, imprecise, and noisy environments. 
Fuzzy logic and neural networks are complementary technologies. In order to utilize the 
strengths of both, fuzzy systems and neural networks may be combined into an integrated 
system. The integrated system then has the advantages of both neural networks (e.g., learning 
abilities, optimization abilities, and connectionist structure) and fuzzy systems (e.g., 
humanlike ‘if-then’ rules, and ease of incorporating expert knowledge available in linguistic 
terms). 

In this study, Back Propagation Neural Network (BPNN) models and Adaptive Neuro 
Fuzzy Inference System (ANFIS) models are developed for: i) Ultimate pile capacity, ii) Pile 
setup, and iii) Pile drivability (blows per foot (BPF), Maximum compressive stress, and 
Maximum tension stress). A database for ultimate pile capacity and pile setup has been 
developed from a comprehensive literature review. Predictions for the above are made using 
BPNNs as well as commonly used empirical methods, and they are also compared with 
actual measurements for each application.  For the pile drivability analysis, a database of a 
number (3,283) of HP piles is developed from the data on HP piles from 57 projects in North 
Carolina (with both GRLWEAP data and soil profile information and without PDA and 
CAPWAP analyses). All of the programs are developed within MATLAB (and its toolboxes) 
with its Graphical User Interface (GUI). 

It is found that ANFIS and BPNN models for the analyses of pile response 
characteristics provide similar predictions, and that both are better than those from empirical 
methods, and can serve as a reliable and simple tool for the prediction of ultimate pile 
capacity and pile setup. Also, the BPNN model developed for pile drivability analysis 
provides good predictions. BPNN may be considered to be more efficient than ANFIS, as the 
BPNN model trains much faster, while both provide equally good predictions. However 
ANFIS models with some additional work will be more desirable for those cases in which 
one or more input variables may be available only in ‘fuzzy’ terms, and when the model is 
developed with limited data range because ANFIS can consider values beyond the data range 
used to develop the model by using membership functions. 
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Chapter 1 Introduction 

1.1 Problems of Pile Design  

Piles have been used as a foundation for both onshore and offshore structures. The 

evaluation of the load carrying capacity of a pile, setup, and its drivability are important 

problems of pile design.  

 

The best way to estimate the ultimate capacity of pile is a static load test. However, 

because of high cost involved, static load tests can not be done routinely. Perhaps the most 

frequently used method of estimating the load capacity of driven piles is to use dynamic 

driving formula. The driving formulae have been commonly used for estimating ultimate pile 

capacity because of its simplicity. But this can‟t explain time-dependent events, and cover a 

variety of pile driving systems. The limitations associated with such formulae have led to the 

development of wave equation based analysis for the evaluation of pile load capacity.  

 

After being driven the load carrying capacity of piles increase with time which is 

termed as „setup‟. An evaluation of ultimate load capacity considering pile setup may lead to 

more economical pile design leading to reductions in pile lengths, pile sections, and the size 

of driving equipment. The commonly used relationships to estimate pile setup are highly 

empirical and their predictive abilities are limited by the corresponding data sets from which 

they are derived. These methods do not provide reliable predictions for use in the practice.  

 

In practice driving criteria are provided to the contractor for the piles to have a 

required load bearing capacity and to be driven without being overstressed. A wave equation 

based computer program is used to generate the pile driving criteria for every project. The 

pile driving criteria furnished to the contractor includes: i) hammer stroke vs BPF(1/set) for 

required bearing capacity, ii) Maximum compressive stresses vs BPF, iii) Maximum tension 

stress vs BPF. This process takes up a significant amount of time and require the usage of 

several programs such as PILECAP, GRLWEAP, PDA, and CAPWAP. This current practice 

requires significant training skills, and can be very time consuming since lot of efforts is 

devoted to the analyses. 
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1.2 New Approaches for Modeling  

The essence of modeling is prediction which is obtained by mapping a set of variables 

in input space to a set of response variables in output space through a model as represented in 

Figure 1-1 below. 

 

Figure 1 - 1 An input-output mapping 

 

In the box representing a model in the above figure, conventionally we place a 

mathematical model. However, the conventional modeling of the underlying systems, often 

tend to become quite intractable and very difficult. Recently an alternative approach to 

modeling has emerged under the rubric of „soft computing‟ with „neural network‟ and „fuzzy 

logic‟ as its main constituents. These are „observational models‟ developed on the basis of 

available set of data representing a mapping between input and output variables. The general 

nature of geotechnical problems and the consequent role engineering judgments play in their 

treatment, make them ideally amenable to this approach of modeling. The development of 

these models however requires a set of data. Fortunately, for many problems such data are 

available. 

Fuzzy systems and neural networks are both model-free numerical estimators. They 

share the ability to improve the predictive capability of a system working in uncertain, 

imprecise, and noisy environments. Fuzzy logic and neural networks are complementary 

technologies. In order to utilize the strengths of both, fuzzy systems and neural networks may 

be combined into an integrated system. The integrated system then has the advantages of 

both neural networks (e.g., learning abilities, optimization abilities, and connectionist 

Input ace  

Output 

Space 

 

MODEL 
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structure) and fuzzy systems (e.g., humanlike „if-then‟ rules, and ease of incorporating expert 

knowledge available in linguistic terms). 

 

1.2.1 Artificial Neural Network 

A neural network model is a system of interconnected computational neurons arranged in an 

organized fashion to carry out an extensive computing to perform a mathematical mapping. 

 
Figure 1 - 2 Typical neural network architecture 

 

As shown in Figure 1-2, a typical neural network model consists of: (i) an input layer, 

where input data are presented to the network, (ii) an output layer, which comprises neurons 

representing target variables, and (iii) one or more hidden layer as an intermediate layer. The 

neural network has a parallel distributed architecture with a large number of nodes and 

connections with varying weights. Each node has a computation process: multiplying its 

weight by each input, summation of their product, and then using the non-linear transfer 

function it produces the actual output.  

The commonly used back-propagation neural networks are trained by feeding a data 

of associated with input and target variables. The main objective of “training” the neural 

network is to update the connection weights to reduce the errors between the actual output 

values and target output values to a satisfactory level. This process is carried out through the 

minimization of the defined error function using update method. Also, the determination of 

number of hidden layers, number of hidden nodes, transfer functions, and normalization of 

data are considered to get the best performance of model. At the end of the training phase, 
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the neural network represents a model that should be able to predict the target value given the 

input pattern. After the errors are minimized, the associated trained weights of the model are 

tested with a separated set of “testing” data that was not used in training.  

 

1.2.2 Fuzzy logic 

Fuzzy logic is particularly useful in the development of expert systems. Expert 

systems are built by capturing the knowledge of humans: however, such knowledge is known 

to be qualitative and inexact. Experts may be only partially knowledgeable about the problem 

domain, or data may not be fully available, yet decisions are still expected. In these situations, 

educated guesses need to be made to provide solutions to problems. This is where fuzzy logic 

can be employed as a tool to deal with imprecision and qualitative aspects that are associated 

with problem solving.  

  A fuzzy set is a set without clear or sharp boundaries or without binary membership 

characteristics. Unlike a conventional set where object either belongs or does not belong to 

the set, partial membership in a fuzzy set is possible. In other words, there is a „softness‟ 

associated with the membership of elements in a fuzzy set. An example of a fuzzy set could 

be “the set of narrow streets in Raleigh.” There are streets that clearly belong to the above 

narrow set, and others that cannot be considered as narrow. Since the concept of “narrow” is 

not precisely defined (for example, < 6.5 ft). There will be a “gray” zone in the associated set 

where the membership is not quite obvious. In a Venn diagram of Figure 1-3, we can see that 

part of the universe exists inside the circle that represents a set, while some of it exits outside 

that circle. If the set was represented by a red circle, some parts of it were pink and some 

parts were dark scarlet. In two-valued logic (by classical set), it‟s either red or it‟s not. Fuzzy 

set theory would allow areas of the Venn diagram to be darker or lighter shades of gray.  

 

 

Figure 1 - 3 Venn diagram regarding to fuzzy set theory 
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A fussy set may be represented by a membership function. This function gives the 

grade (degree) of membership within the set. The membership function maps the elements of 

the universe on to numerical values in the interval [0, 1].  For example, a fuzzy set on a 

numeric variable of height and temperature is represented as shown in Figure 1-4. The 

membership functions most commonly used in control theory are triangular, trapezoidal, 

Gaussian, generalized bell, sigmoidal and difference sigmoidal membership functions.  

 

Figure 1 - 4 Fuzzy membership functions for height and temperature 

 

One of the most interesting things about fuzzy logic is its ability to translate ordinary 

language into logical or numerical statements. It accomplishes this by use of the concept of 

the linguistic variable. For example, a label “tall” in the previous example is really a 

linguistic value for the numeric variable height. The very imprecision of linguistic variables 

makes them useful for reasoning. There are three main categories of linguistic variables: i) 

quantification terms-all most, many, few, and no, ii) usuality terms- always, seldom, and 

never, iii) likelihood terms-certain, possible, and certainly not. 

 

1.2.3 ANFIS (Adaptive Neuro-Fuzzy Inference System) 

A fuzzy system can be used to solve a problem if we have knowledge about the 

solution in the form of linguistic IF-THEN rules. By defining suitable fuzzy sets to represent 

linguistic terms used with the rules, we can create the fuzzy system from these rules. A 

formal model of the problem of interest neither need, nor training data. Fuzzy systems and 

neural networks are both model-free numerical estimators.  

They share the ability to improve the predictive capability of a system working in 

uncertain, imprecise, and noisy environments. Fuzzy logic and neural networks are 
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complementary technologies. In order to utilize the strengths of both, fuzzy systems and 

neural networks may be combined into an integrated system. The integrated system then has 

the advantages of both neural networks (e.g., learning abilities, optimization abilities, and 

connectionist structure) and fuzzy systems (e.g., humanlike „if-then‟ rules, and ease of 

incorporating expert knowledge available sometimes in linguistic terms). Because a neuron-

fuzzy system is based on linguistic rules, we can easily integrate prior knowledge in to the 

system, and this can substantially shorten the learning process. 

For the general problem of mapping of input variables x = (x1, x2,.. xn)
T
 to a single 

output variable y, a set of known data is compiled first. A fuzzy inference system (FIS) 

constitutes the basic tool for the process of mapping. FIS is then tuned with a back 

propagation algorithm based on a collection of input-output data resulting in an Adaptive 

Neuro-Fuzzy Inference System (ANFIS). A simple ANFIS architecture for two input 

variables and single output is shown below. 

 

Figure 1 - 5 A simple ANFIS architecture 

 

The input data are fed into layer 1. Layer 2 provides the value from membership 

function while layer 3 provides the product of incoming signals which are normalized in 

layer 4. In layer 5 the values of the weighted consequents are computed. Finally the layer 6 

performs the aggregation and provides the overall output which is equated with the target 

value. Using a set of input-output data, and several iterations the above system is made to 

learn and update the membership parameters in layer 2. Thus with the final membership 

parameters optimized by back-propagation, the above trained model becomes available to 

make a prediction for a new set of input parameters.  
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1.3 This study 

 In this study, BPNN (Back Propagation Neural Network) models and ANFIS 

(Adaptive Neuro Fuzzy Inference System) models are developed for general pile analysis: i) 

Ultimate pile capacity with non-jetted and all data, ii) Pile setup, iii) Pile drivability (BPF, 

Maximum compressive stress, and Maximum tension stress). Database for ultimate pile 

capacity and pile setup have been developed from a variety of literature review. Their 

predictions are made using BPNNs as well as commonly used empirical methods, and they 

are also compared with actual measurements for each application.  For the pile drivability 

analysis, a database of a number of HP piles is developed from HP piles built at NC State 

using both GRLWEAP data and soil profile information (without PDA and CAPWAP 

analysis). All of the programs are developed within MATLAB with GUI (Graphical User 

Interface).  

The objective of this study is to implement soft computing (BPNN and ANFIS) tools 

for few important problems of pile design. This study presents that ANFIS and BPNN 

provide similar predictions (ANFIS being slightly better than BPNN) which are better than 

those from empirical methods, and can serve as a reliable and simple tool for the prediction 

of ultimate pile capacity and pile setup. Also, BPNN for pile drivability analysis using five 

different ranges is developed which provide good predictions. BPNN may be considered to 

be more efficient than ANFIS as BPNN model trains much faster while both provide equally 

good predictions. However ANFIS models will be more desirable for those problems in 

which one or more input variables may be available only in „fuzzy‟ terms.   

 

1.4 Outline 

The outline of the presentation made in this dissertation is listed as follows: 

Chapter 1 – gives an introduction of pile problems, artificial neural network, fuzzy logic, 

adaptive neuro fuzzy inference system. The objective and the outline of this study are also 

provided.  

 

Chapter 2 – describes in some detail artificial neural network (especially, back-propagate 

neural network).  This discusses typical artificial neural network architecture, processing 

neurons, and training procedure using optimization strategies. Especially, elements of back-

propagate neural networks provide necessary components for artificial neural network 

including general guideline how to find appropriate learning parameters to reach the 
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satisfactory level. From simple benchmark problems it is detailed that back-propagate neural 

networks are showed effects of number of samples, hidden nodes, over fitting problem, 

superfluous factor, and so on.  When evaluating performance the model, correlation R
2
, 

relative importance, and parametric study are used. The objective of this chapter is to give 

understanding of back-propagate neural network through fundamentals and examples. 

 

Chapter 3 – discusses ANFIS (Adaptive Neuro-Fuzzy Inference System), which is a 

combined system between fuzzy logic and neural network. First, fundamental concepts of 

fuzzy sets, fuzzy inference system, and ANFIS are presented. Four simple benchmark 

problems provide effects of number of membership functions, type of membership function, 

how to avoid overfitting problem, superfluous factor, and so on. In the last section it is shown 

how useful ANFIS is compared to BPNN model in some cases. 

 

Chapter 4 – concentrates on wave equation based analysis for pile foundation. Basic wave 

equation analysis is first reviewed. A finite difference method program utilizing Smith‟s 

model is developed. Also, a parametric study is carried out to investigate the relative 

influence of nine important input variables. Finally, in order to verify the validity of the 

developed program case studies of concrete pile and H-pile are analyzed. 

 

Chapter 5 – deals with the application of BPNN and ANFIS for prediction of ultimate pile 

capacity with non-jetted data and all data including jetted data. Popular static formulae for 

calculating ultimate pile capacity are presented in the first section, and a database of a 

number (75) of field pile load tests obtained and compiled from the review of literature was 

developed. The detailed training and testing procedure as well as modeling results of BPNN 

and ANFIS were discussed. Then, pile capacity predictions were made using by BPNN and 

ANFIS as well as three empirical methods, and they were also compared with actual the 

results from measurements. These models are evaluated using correlation R
2
, relative 

importance, and parametric study. The models are developed within MATLAB with GUI 

(Graphical User Interface) to combine the both models for non-jetted data and for all data 

including some jetted data.  

 

Chapter 6 – deals with the application of BPNN and ANFIS for prediction of pile setup. Pile 

setup phenomenon and empirical methods are first introduced. A database of a number (96) 

of field tests is developed from the available literature, and six variables are selected as input 
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for both BPNN and ANFIS. One different input variable is roughness volume for ANFIS, 

and pile type for BPNN.  Target variable is the increased pile capacity (∆QBOR). The ultimate 

pile capacities (the sum of pile capacity at End of Drive (QEOD) and the pile capacity increase 

by setup at Beginning of Restrike ( QBOR)) by BPNN and ANFIS are compared with those 

from four empirical relationships. ANFIS predictions are also compared with BPNN 

predictions.  

 

Chapter 7 – deals with the application of BPNN for prediction of pile provability.  

Current practice for pile drivability and general wave propagation for pile are first presented. 

A database of a number (3,283) of HP piles is developed from the data of HP piles from 57 

projects in NC State (with both GRLWEAP data and soil profile information, and without 

PDA and CAPWAP analysis). Twenty-one variables are chosen as input to predict three 

target variables. The database is divided into five groups with respect to ultimate pile 

capacity range. Stroke values are used as an input having ranges 5 to 11 ft based on an open-

run database of GRLWEAP. To demonstrate the feasibility of BPNN (back-propagation 

neural network model) 25 cases are predicted by the developed BPNN, and the results are 

compared to GRLWEAP calculations derived from already built piles at NC State.  

 

Chapter 8 – includes the summary of the accomplished work, conclusions. 
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Chapter 2 Neural Network Model 

2.1 Introduction 

Neural networks are soft computing approaches to modeling expert behavior. The 

main objective is to mimic the actions of an expert who solves complex problems. This does 

attempt to model the problem by creating a mathematical model that follows some physical 

axioms. Rather, we examine how an expert deals with the problem, and try to make use of 

our observations.  

Let‟s consider how children learn to ride to a bicycle. They do not derive a lot of 

differential equations describing the physical dynamics of the bike, solving them every other 

instant to calculate the necessary actions to ride it. Instead, they probably observe someone 

who is already able to ride a bike, and receive some tips on how to do it from their parents. 

Then they just try it and learn how successfully to stay on the bike by trial and error. Finally, 

after some training they become skillful bicycle riders. In other words, without examining the 

problem in detail there are three important aspects to solve the problems: observation, 

instruction, learning (Nauck.et.al, 1997).  

A first interest in neural networks (or parallel distributed processing) emerged after 

the introducing of simplified neurons by McCulloch and Pitts in 1943. These neurons were 

presented as models of biological neurons and as conceptual components for circuits that 

could perform computational works. ANNs (Artificial Neural Network) can be most 

adequately characterized as „computational models‟ with particular properties such as the 

ability to adapt or learn, to generalize, or to cluster or organize data, in which operation is 

based on parallel processing.  

ANNs have a large number of highly interconnected processing elements (nodes or 

units) that usually operate in parallel and are configured in regular architectures. The 

collective behavior of an ANN, like a human brain, demonstrates the ability to learn, recall, 

and generalize from training patterns or data. ANNs are inspired by modeling networks of 

biological neurons in the brain. Hence, the processing elements in ANNs are also called 

artificial neurons.  

 

2.2 A framework for an artificial network 

An artificial network consists of a set of simple processing units (neurons) which 

communicate by sending signals to each other over a large number of weighted connections. 
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A framework for artificial neural network model can be distinguished as processing units, 

activation functions, connections between units, external input(or bias), learning rule 

(Rumelhart and McCleland, 1986). 

 

2.2.1 Processing units 

Figure 2-1 shows a simple mathematical model the artificial neuron proposed by 

McCulloch and Pitts (1943). In this model, the processing element computes a weighted sum 

of its inputs and outputs according to whether this weighted input sum is above or below a 

certain threshold i, the computation in the ith neuron can be expressed as:  

1

( 1) ( )
m

i ij j i

j

y t a w x t        (2.1) 

where, t is the time instants  

m is the number of the inputs to the ith neuron 

yi is output from the ith neuron.  

 

The transfer function a(f) is a binary step function: 

 

1 0
( )

0

if f
a f

otherwise
       (2.2) 

 
Figure 2 - 1 An artificial neuron 

 

The strength of the synapse connecting input variable j to neuron i are represented as the 
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corresponds to an inhibitory synapse. If wij = 0, then there is no connection between the two 

neurons.  

As a summary, each unit performs a relatively simple job: receive input from 

neighboring neurons or external sources and use this to compute an output signal which is 

propagated to other units. This is associated with the input of a PE (Processing Element) is an 

integration function f which serves to combine information, activation. Within the neural 

system we can distinguish three types of units: input units which receive data form outside 

the neural network, output units which send data out of the neural network, and hidden units 

whose input and output signals remain within the neural network. An ANN is a parallel 

distributed information processing structure (Fausett, 1994 and Lin & Lee, 1996).  

 

2.2.2 Activations and output rules 

A new rule is required to give the effect of the total input on the activation of the unit. 

The simplest node sums weighted inputs and passes the results through nonlinearity as shown 

in Figure 2-2. The activation function defines the output of a neuron in terms of the activity 

level at its input. The node is characterized by an internal threshold i and by the type of 

nonlinear activation function; hard limiters, threshold logic elements, and sigmoidal 

nonlinearities (Lippmann, 1987).  
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Figure 2 - 2 Typical activation functions 

 

2.2.3 Learning rule 

Another important element in specifying a neural network is the learning rules. The 

definition suggested by Herbert Simon (1983) is based on the notion of change: 

 

Learning denotes changes in the system that are adaptive in the sense that they 

enable the system to do the same task or tasks drawn form the same population more 

efficiently and more effectively the next time.  

 

Generally speaking, learning is the process by which the neural network adapts itself to 

a stimulus, and after making the proper parameter adjustments to itself, it produces a desired 

response. During the process of learning, the network adjusts its parameters, synaptic weights, 

in response to an input stimulus so that its actual response converges to the desired output 

response. There are two categories of the learning rules:  

 

● Supervised learning: Associative learning in which the network is trained by 

providing it with input and matching output patterns. These input-output pairs can be 

provided by an external teacher, or by the system which contains the network.  

 

● Unsupervised learning: Self-organization in which an output unit is trained to 

respond to clusters of pattern within the input. In this paradigm the system is 

supposed to discover statistically salient features of the input population. Unlike the 
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supervised learning paradigm, there is no feedback from the environment to indicate 

what the desired outputs of a network should be or whether they are correct; rather 

the system must develop its own representation of the input stimuli.  

 

2.2.4 A network of one layer of neurons  

The architecture for a network that consists of a layer of M perceptrons is shown in 

Figure 2-3. An input feature vector 1 2( , , , ) nx x x x  is input to the network via the set of n 

nodes. So that each perceptron receives an input from each component of x. at each neuron, 

the lines fan in from all of the input nodes. Each incoming line is weighted with a synaptic 

weight form the set {wmn}, where wmn weights the line from the nth component xn coming 

into the mth neuron. Then, the calculated output values, 1 2 mY (Y ,Y , ,Y ) , are compared 

with Targets values ( 1 2 mT (Ts ,Ts , ,Ts ) ). 

 

 

Figure 2 - 3 A network of single layer of neurons 

 

2.3. Multilayer feedforward artificial neural network 

2.3.1 Feedforward networks of layered neurons 

Minsky and Papert (1969) showed that a two layer feed forward network can 

overcome many restrictions, but did not present a solution to the problem of how to adjust 

the weights from input to hidden units. An answer to this question was presented by 

Rumelhart, Hinton and Williams (1986). The main idea behind this solution is that the errors 
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for the units of the hidden layer are determined by back-propagating the errors of the units of 

the output layer. For this reason the method is called back-propagation learning algorithm. 

The back-propagation algorithm has been widely used as a learning algorithm in feedforward 

multilayer neural networks. The BPNN is applied to feedforward neural networks with one or 

more hidden layers, as shown in Figure 2-4.  

 

 

Figure 2 - 4 A typical feed-forward artificial neural network 

 

2.3.2 Back-propagation algorithm 

The back-propagation algorithm performs two steps of data flow. The first step is that 

the inputs are ordinarily propagated forward from input to output layer, and then it produces 

an actual output. The error from the difference between target values and actual values are 

propagated backward from output layer to the previous layers to update their weights. In 

Figure 2-5, there are m nodes in the input layer, l nodes in the hidden layer, and n nodes in 

the output layer.  
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Figure 2 - 5 Three layer back-propagation neural network 

 

 Feed-forward propagation  

There are m nodes in the input layer, l node in the hidden layer and n nodes in the 

output layer. Given an input pattern x, a node q in the hidden layer receives a net input of  
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Back- propagation and error signals 

 

First, define the error function as: 

 

22
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by using gradient descent method, the weights in the hidden to output connections are 

updated as:  

iq

iq

E
w

w
        (2.8) 

where, η is learning rate 

 

Combining Eqs.(2.5)-(2.7) and using chain rule, now we have 
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Here we define oi  as the error signal and its double signal oi means the ith node in the 

output layer. 
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For the weight updating on the input to hidden connections, the chain rule and gradient 

descent method can be used to obtain the weight updating on the link connecting node j in 

the input layer to the node q in the hidden layer, 
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q q

q q qj

z netE

z net v
       (2.11) 

From Eq.(2.7), it can be seen that each error term is a function of zq, by evaluating the chain 

rule, we have  

1

[( ) '( ) ] '( )
n

qj i i i iq q j

i

v d y a net w a net x      (2.12) 

By using Eq.(2.10), the above equation can be rewritten as: 

1

[ ] '( )
n

qj oi iq q j hq j

i

v d w a net x x      (2.13) 

where hq  is the error signal of node l in the hidden layer and can be defined as: 

1

'( )
n

q

hq q oi iq

iq q q

zE E
a net w

net z net
    (2.14) 

where netq is the net input to the hidden node q calculated by Eq.(2.3). From Eq.(2.10) and 

Eq.(2.14) the error signal of a node in the hidden layer is different form the error signal of a 

node in the output layer. Also, the error signal δhq of a hidden node q can be determined in 

terms of the error signals δoi of the node, yi, that it feeds. In general, with an arbitrary number 

of layers, the back-propagation update rule is in the form: 

ij i j output i input jw x x       (2.15) 

where output i an input j refer to the two ends of the connection from node o to node i and 

from node i to node j, xj is the proper input end activation from a hidden node or an external 

input and δi is the learning signal which is defined by Eq.(2.14) for all the other layers. If the 

hyperbolic tangent sigmoid transfer function is used as the activation function, the Eq.(2.10) 

and (2.14) becomes,  

21
(1 )[ ]

2
oi i i iy d y        (2.16) 

and 

2

1

1
(1 )

2

n

hq q oi iq

i

z w        (2.17) 
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BPNN Learning Algorithm: Summary 

Considering a network with Q feed-forward layers and let 
q
neti and 

q
yi denote the net 

input and output of the ith unit in the qth layer, respectively. The network has m input nodes 

and n output nodes. Let 
q
wij denote the connection weight from 

q-1
yj to 

q
yj, 

 

A set of training pairs ( ) ( ), 1,2,.......,k kx d k p is used as basic input, where the input 

vectors are augmented with the last elements as -1, i.e. 1 1k

mx . the learning is achieved in 

following phases:  

 

Phase 1 (initialization): choose >0 and maxE . Initialize the weights to small random values. 

Phase 2 (training): Apply the kth input pattern to the input layer 

1q k

i i iy y x  for all i.              (2.18) 

Phase 3 (forward propagation): Propagate the signal forward through the network by 

using
1( )q q q q

i i ij j

j

y a net a w y             (2.19) 

Phase 4 (Error measure): compute the error value and error signals Q

i  for the output layer:  

2

1

1

2

n
k Q

i i

i

E d y E              (2.20) 

( ) '( )Q k Q Q

i i i id y a net              (2.21) 

Phase 5 (Error back-propagation): Propagation the errors backward to update the weights and 

compute the error signals 1q

i  for the preceding layers: 

1q q q

ij i jw y  and q new q old q

ij ij ijw w w     (2.22) 

1 1'( )q q q q

i i ij j

j

a net w  for q = Q, Q-1, ……,2.   (2.23) 

Phase 6 (One epoch looping): Check whether the whole set of training data has been cycled 

once. If k<p, then k = k+1 and go to phase 1; otherwise, go to phase 6. 
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Phase 7 (Total error checking): Check whether the current total error is acceptable: if 

maxE E , then terminate the training process and output the final weights; otherwise, E=0, 

k=1, and initiate the new training epoch by going to phase 1. 

 

2.3.3 The elements of BPNN (back-propagation neural network) 

 Number of hidden layers 

In order to design a good neural network model, number of hidden layers is needed 

as one of the first concerns. It is currently known that there is no need to have more than two 

hidden layers, as there is no improvement in the results with more hidden layers. A rule of 

thumb in the NN field is to try a single hidden layer model first. However, for some problems 

a small network with two hidden layers can be used where using a number of hidden nodes 

does not meet to solving the problems with one hidden layer or where a network with one 

hidden layer would require an infinite number of nodes. With a very large number of hidden 

nodes, the training is more difficult because of the large number of local minima for which 

directions of local steepest descent are very different from the actual directions of the minima. 

In this case, it requires a large volume of computation to find a good starting weight set, or 

else many training runs may be required to obtain satisfactory learning. To simply matters, a 

second hidden layer of nodes between the first hidden layer and the output layer is used 

(Kecman, 2001, Master, 1993, and Chester, 1990).  

 Looney(1997) explained how extra hidden layers can be more efficient in training and 

modeling highly nonlinear mapping with a large number of nonlinearly separable classes 

using examples. For example, if there were k=50 classes that were separable only nonlinearly, 

but with four subclasses of each class that were linearly separable, then we could use as 

many as hidden nodes (200) in the hidden layer. On the other hand, we may choose to try 

number of hidden nodes (20) in the first hidden layer and 10 nodes in the second hidden layer. 

This reduces the total number of hidden neurons from 200 to 30, because 200 = 20*10 

separations can be made. A second hidden layer reduces the total number of weights and 

nodes significantly, and the use of two hidden layer of nodes often accelerates learning.  

 

Number of hidden nodes 

Both the number of input components and the number of output neurons is in general 

determined by the nature of the problem. And the approximation capabilities of a neural 

network are primarily determined by the number of hidden nodes. Thus, it is extremely 

important to choose an appropriate number of hidden neurons in the design of neural network 
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model. For smooth functions only a few number of hidden nodes are needed, for wildly 

fluctuating functions more hidden nodes will be needed. If having too few hidden units, it 

may result in high training error because of making hard the network of the resources to 

solve the problem. Also, having an excessive number of hidden neurons may cause a low 

training error but still may have high testing error due to overfitting, and may increase 

training time. Too many hidden nodes cause training-set error to be low but high testing set 

error. This problem is called overfitting. Overfitting is dangerous since it can lead to 

predictions that are beyond the range of the training data with many of the common types of 

neural networks. The best way to avoid overfitting is to use lots of training data. Typically it 

would be a reasonable choice of at least 10 times as many training cases as input variables 

(Smith, 1996, and Bailey & Thomson, 1990).  

Figure 2-6 illustrates that a large number of hidden nodes leads to a small error on 

the training set but not necessarily leads to a small error on the test set. Adding hidden nodes 

will always lead to a reduction of the error rate of training. However, adding hidden nodes 

will first lead to a reduction of the error rate of the test, but then lead to an increase of the 

error rate of test. This effect is called the peaking effect.  

 

 

Figure 2 - 6 Average error rate as a function of number of hidden nodes (training, 

testing) 

 

There are some guidelines to choose the number of hidden neurons for neural 

network based on some references (Lin & Lee, 1996, and Master, 1993). A reasonable choice 

of the number of hidden neurons can be calculated within the range of Eqs.(2.24) and (2.25). 

Test set 

Training set 

No. of hidden nodes 

Error rate 
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(min) *HN m n          (2.24) 

(max)HN m          (2.25) 

 

Where, (min)HN  = Minimum no. of hidden nodes 

(max)HN  = Maximum no. of hidden nodes 

m = No. of Input variables 

n = No. of Output variables 

 

Total Summed Square Error (SSE) and Mean Square Error (MSE) 

Sum square error means a measure of accuracy, used in BP and some other network 

training procedures, calculated by squaring each error, then summing the squares. To lead 

each actual output yi (i=1,…,n) toward the correct output target t(i) we adjust the weights so 

as to minimize the total sum-squared error, E, between the targets and the actual outputs. The 

E is evaluated via the Euclidean distance  

2

i iE t z         (2.26) 

The total mean-squared error is 

/E E nl          (2.27) 

Considering E = E (v, w) to be the function of the weights v = (v11,….,vqj) and w = 

(w11,….,wiq) , we have 

2

1 1 1 1

,
l n l m

i i

j iq qj j

q i q j

E v w t g w h v x     (2.28) 

 This function is nonnegative, continuously differentiable on the weight space {[-

b,b]
ml+ln

 ; b≧1}, which is a finite-dimensional closed bounded domain that is complete and 

thus compact. Therefore, E (w,u) assumes its minimizing point (w*, u*) in the weight 

domain. This does not mean that the sum-squared error E will be zero at the solution weight 

set (v*, w*), but only that it takes on its minimum value there. If the target values {t
(i)

} are 

chosen wisely to be far apart, then the maximum mapping will successfully recognize the 

input feature vectors by mapping them to their class identifiers. 
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To solve for the minimizing weight set (v*, w*), the following conditions should be 

fulfilled 

0; 0
qj iq

E E

v w
        (2.29) 

 

These nonlinear equations can be solved iteratively with steepest descent or using a second 

order optimization procedure such as the Levenberg-Marquardt method (Kecman, 2001). 

 

 Error Function Minimization Procedures 

Optimization theory and its different techniques are used to find the values of a set of 

parameters (here called weights) that minimize or maximize some error or cost function of 

interest. The name error or cost function, stands for a measure of how good the solution is 

for a given problem. This measure is also called performance index or risk. The problem of 

learning some underlying function (mapping) boils down to the estimation (identification) of 

the weights of neural networks. Therefore, the theory of optimization (linear or nonlinear) is 

of crucial importance for understanding the overall learning process of neural networks (or 

more general soft models). 

The optimization problem may be approached in various ways. The fact that there 

are many different procedures is helpful. However, as with any other tool, unless we 

understand its purpose and how to apply it, not too much use will be made of it. Here, of the 

myriad collection of procedures, only two optimization methods are presented briefly. 

 

Gradient descent method  

This algorithm looks for the minimum of the error function in the weight space using 

most commonly the first-order gradient descent. To find a local minimum wlc for a nonlinear 

real valued function y = f (w), we put: 

 

0
dw

wdf
         (2.30) 

 

And solve for w = wlc. However, in the general case of nonlinear f  we can only find an 

approximate solution wapp to wlc by iterative methods. Starting from an initial point w0, we 

move a step in the direction of steepest descent to w1 = w0 – df(w)/dw, which is opposite to 



 24 

the direction of steepest ascent. Note that the direction is either positive or negative along the 

w axis. Figure 2-7 shows the first step. For the iterative (r + 1) step we have 

 

dwwdfww rrr /1        (2.31) 

 

 

Figure 2 - 7 Search on the error surface along the gradient 

 

The step gain (or learning rate) 0  amplifies or attenuates the step size. If the 

step were too large, then it would move past the local minimum, while if it were too small, a 

large number of steps might not yet reach the local minimum. In Figure 2-8, where y= f(w1, 

w2), the gradient is the vector of partial derivatives 

 

22112121 /,,/,, wwwfwwwfwwf     (2.32) 
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Figure 2 - 8 Two-dimensional steepest descent 

 

A function y = f(w1,….,wp) of several variables can be locally minimized in an analogous 

manner. The iterative updates to approximate a solution in the general case are: 

p

pp

rprp
w

wwf

w

wwf
wwww

,...,
,...,

,...,
,...,,...,

1

1

1

111
  (2.33) 

In vector form 

rrr wfww 1        (2.34) 

This equation is linear in w and provides a piecewise linear approximation for an adjustment 

to move wr toward a local minimum. 

 

Newton method 

The above can be greatly improved using second order information, which uses the 

curvature as well as the gradient of the error surface. Using Taylor’s series expansion on 

E(w) around the current wo, it can calculated 

0

1
( ) ( ) ( ) ( ) ( ) ( )( )

2

T T

o o o oE w E w w w E w w w H w w w   (2.35) 
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H(w) is called a Hessian matrix and is the second derivative evaluated wo; 

 
2( ) ( )H w E w          (2.36) 

 

Even though we need all the higher terms of the derivatives of E, normally the first 

term and second term of the expansion are concerned since the performance surface tends to 

be bowl shaped(quadratic) near the minimum. To find the minimum of E(w), we set its 

gradient to zero. 

 

( ) ( ) ( )( ) 0.o oE w E w H w w w       (2.37) 

1( ) ( )o ow w H w E w         (2.38) 

or at k th step of learning, 

1

1k k kw w H g          (2.39) 

This is called Newton‟s method of weight updating. 

 

The most used error function is a sum of error squares function, given as  

 

( ) ( ) ( )TE w e w e w         (2.40) 

 

Because e(w) is usually a differentiable function of the weights w, the matrix of the first 

derivatives can be expressed as  

( ) i
ij

j

e
J w

w
        (2.41) 

which is known as the Jacobian matrix. A matrix of second derivatives is the Hessian matrix 

H. It is interesting to express both the gradient and the Hessian of ( ) ( ) ( )TE w e w e w  in 

vector notation. Thus, differentiating ( ) ( ) ( )TE w e w e w , one obtains 

( ) 2 T

wg E w E J e        (2.42) 

2 2
T

T

ww

J
H E J J e

w
                    (2.43) 
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Gauss-Newton method 

Usually assumes that the errors ie  are small numbers. With such an assumption the 

second term on the right hand side of Eq.(2.43) can be neglected, meaning that the Hessian 

can be approximated as  

 

2 T

aH J J          (2.44) 

1 1 1

1 (2 ) 2 ( )T T T T

k k ak k k kw w H g w J J J e w J J J e   (2.45) 

 

It uses a matrix of first derivatives J to calculated a matrix of second derivatives H. 

The Gauss-Newton method can also diverge if the Jacobian J loses rank during the iterations, 

and because of possible problems a further modification is proposed. 

 

Levenberg-Marquardt method 

Very often the neglected error ie  are not small and the second-order term on the 

right hand side of Eq.(2.43) cannot be ignored. In this case, the Gauss-Newton method 

converges very slowly or diverges. Hence, it may be better to use the full Hessian matrix H. 

The Levenberg-Marquardt method avoids the calculation of the Hessian matrix H and uses 

the regularization approach when the matrix TJ J  is rank-deficient. Levenberg-Marquardt 

proposed the following iteration scheme: 

1

1 ( )T T

k k kw w J J I J e        (2.46) 

where, k  is a scalar that may be adjusted to control the sequence of iterations, and I is an 

identity matrix. Note that Eq.(2.46) approaches the steepest descent as k  is increased 

because J
T
J + λk I ≈ λk I;  

thus 1

1 1

2

T

k k k k k k k

k k

w w J e w g w g .     (2.47) 

When k  approaches zero, the Levenberg-Marquardt algorithm tends to the Gauss-

Newton method. For a non-quadratic error surface, this is shown in Figure 2-9. 
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Figure 2 - 9 Levenberg-Marquardt descent directions 

 

Therefore, Levenberg-Marquardt method involves “blending” between Gradient 

descent and Gauss-Newton method.  

 

Normalization 

Neural network training can be made more efficient if certain preprocessing steps are 

performed on the network inputs and targets. Before training, it is often useful to scale the 

inputs and targets so that they always fall within a specified range. The available data for 

each variable are scaled to the same range (between 0 to 1), so as to remove any bias from 

the combination of its influence. Normalization often refers to scaling by the minimum and 

range of the variable such that all the variables have values between 0 and 1 as defined in Eq. 

(2.48). 

 

( )
min

max min

p i i
p

norm
i i

V V
V

V V
       (2.48) 

 

Where 

max
iV  = maximum in the data set of the input vector iV  (i

th
), 

min
iV  = minimum in the data set of the input vector iV  (i

th
),  

( )p iV  = input (p
th

) value in the vector iV  (i
th

). 
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2.4 Evaluation of the Model 

2.4.1 Correlation R
2
  

The best choice of (w, b) such that the fitted line passes the closest to all the points needs to 

be estimated. Least square method solves the problem of fitting a line to data by obtaining the line for 

which the sum of the square derivations is minimized. The fitted points in the line will be denoted by 
^

i id w x b with approximated values of id . Mean square error, which is the average sum of 

square errors, a widely used performance criterion.  

 

^
2

1

1
( )

2

N

i i

i

J d d
N

        (2.49) 

where N : number of the samples 

 

We can get the minimization of J  by taking its partial derivative as following equations;  

0
J

w
, 0

J

b
.         (2.50) 

 

In equation (50), we substitute the value of the error given by 
^

i id w x b and take the 

derivative of equation (51), and finally we can obtain equation (52) and (53). Also slope(w) and 

intercept(b) of the fitted line can be estimated. 

 

2( )1

2

i i

i

d w x bJ

b N b
.  

1
( ) 0i i

i

d wx b
N

      (2.51) 

 

2( )1

2

i i

i

d w x bJ

w N w
.  

1
( ) 0i i i

i

d wx b x
N

      (2.52) 

The above procedure to determine the coefficients of the line is called the least square 

method.  

We still need to find a measure of how successfully the regression line represents the 

relationship between even though mean square error can be used to determine which line best fits the 
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data. The coefficient of determination R
2
 can be used to find the adequacy of a fitted line the 

relationship between the approximated value (di) and the fitted points (
^

id ).  

^
2

2 1

^
2

1

( )

1 1

( )

N

i i

i

N

i i

i

d d
J

R
S

d d

      (2.53) 

where, 
id : the mean value of id  

Correlation R
2
 will have a value between 0 to 1. When it is close to 1( J = 0), it implies that 

there is perfect linear correlation between x and d; when close to 0 ( J = S), there is no correlation 

between x and d.  

 Commonly, the predictive performance of neural network model is judged by this: 

 
2 2

2 1 1

2 2

1 1

( ) /

( ) /

n n

e

i i

n n

i i

d S d n

R

d d n

     (2.54) 

Where, 2

1

n

e

i

S e          (2.55) 

 Error term, e, is the difference the target value (d) and the predicted value by the 

model (
^

d ), and n is sample size. There is no difference by both Eqs.(54) and (55) if the 

values of correlation R
2
 are high.  

 

2.4.2 Relative Importance Analysis 

The relative importance of input variables can be assessed to examine the relative 

sizes of the input layer connection weights. The connection weights from the input layer to 

the hidden nodes to the output layer can be used to partition the relative share of the output 

prediction associated with each input variable. Simply, the process of evaluating relative 

importance is partition the hidden to output connection weights of each hidden node into 

components associated with each input node (Garson, 1991).  

In other words, the process can be illustrated as shown in Figure 2-5, where a weight 

connected to the output layer W2(i, :) can be divided into components each corresponding to 

one of the input attributes. For a hidden nodes q, the component of W2(i, :) associated with 
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input node j is proportional to the weight incoming from attribute vqj in relation to the sum of 

weights incoming from all attributes. This can be expressed as: 

 

Component of W2 (i, :) associated with input node j = 

1

1(:, )
2( , :)

1( , :)
l

q

W j
W i

W q

 (2.56) 

 

Where, W1: connection weight matrix from input to hidden nodes (number of hidden 

nodes, q=1, 2,…,l) 

W2: connection weight matrix from hidden to output nodes (number of output 

nodes, i=1,2,…,n) 

 

Performing this calculation for all the hidden layers and summing the shares of each 

input attribute results in a total share or percentage for each attribute. For a network with one 

hidden layer, the relative importance of each attribute can then be calculated as a percentage 

of the sum of the scores (Eq.(2.57)): 

 

Relative Importance = 

1

1

1 1

1

1(:, )
2( , :)

1( , :)

1
2( , :)

1( , :)

n

l
i

q

n m

l
i j

q

W j
W i

W q

W
W i

W q

   (2.57) 

 

Where, W1: connection weight matrix from input to hidden nodes 

W2: connection weight matrix from hidden to output nodes. 

 

It should be noted that the result is the percentage of all output weights attributable 

to the given independent variable, excluding bias weights arising from the back-propagation 

algorithm.  
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2.5 A basic study of Neural Network Model  

2.5.1 Effect of the number of samples  

 In this section an investigation is made in to the predictive capability of BPNN 

through some simple examples. And the effects of various model parameters are studied.  

 

One target function: 2 2 2*exp( )z x x y  

Input variables are x, y and target variable are expressed as ( , )z f x y . Table 2-1 

describes correlation R
2
 by using BPNN corresponding no. of data. Generally, results have a 

high correlation R
2
. As described in Table 2-1, Correlation R

2
 is decreased as the decrease in 

number of the testing data even similar results of Correlation R
2
 for training data set. 

 

Table 2 - 1 Coefficient of R
2
 for one target example 

Test no. 
No. of Training 

data 

No. of Testing 

data 

Correlation R
2
 

Training Testing 

1 

100 

30 

0.9833 

0.9651 

2 15 0.9307 

3 5 0.9929 

4 

50 

15 

0.9865 

0.9549 

5 10 0.9050 

6 5 0.8816 

 

Figure 2-10 through Figure 2-13 show predicted points of training and testing data 

when 50 training samples are used. Figure 2-10 present results of predicted 50 points of 

training on desired 3D graph of z, and Figure 2-11 through Figure 2-13 presented predicted 

15, 10, 5 points for 50 training samples respectively. They show that correlation R
2
 decreases 

as the number of testing data decreases, and the predicted values are farther away from the 

solution surface.  
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Figure 2 - 10 Predicted 50 training points to desired 3D graph 

 

 

Figure 2 - 11 Predicted 15 test points to desired 3D graph for 50 training samples 
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Figure 2 - 12 Predicted 10 test points to desired 3D graph for 50 training samples 

 

 

Figure 2 - 13 Predicted 5 test points to desired 3D graph for 50 training samples 
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Two targets functions: 2 21 *exp( )z x x y , 2 2 22 *exp( )z x x y  

Input variables are x, y and target variables are expressed as [ 1, 2] ( , )z z f x y . Table 

2-2 describes correlation R
2
 corresponding number of data for two targets example. As 

described in Table 2-2, as decrease in no. of training data from 100 to 50, correlation R
2
 for 

testing also decrease. The correlation R
2
 difference between number of testing samples is 

much larger in 50 training samples than in 100 training samples. Also, it‟s shown that the 

correlation R
2
 to one target function has higher than to two targets functions at the same 

number of samples.  

 

Table 2 - 2 Coefficient of R
2
 for two targets example 

Test no. 

No. of 

Training 

data 

No. of 

Testing 

data 

Correlation R
2
 

Training Testing 

Z1 Z2 Z1 Z2 

1 

100 

30 

0.9701 0.9895 

0.9409 0.9775 

2 15 0.9351 0.9910 

3 5 0.8902 0.9981 

4 

50 

15 

0.9901 0.9930 

0.9383 0.9472 

5 10 0.7991 0.9591 

6 5 0.4973 0.9546 

 

Figure 2-14 and 2-15 present results of each testing samples on desired 3D face of z1 

and z2 for 100 training samples. For both z1 and z2, the predicted points with irrespective of 

no. of testing data are generally placed right on 100% agreement of 3D face. Figure 2-16 and 

2-17 present results of each testing samples on desired 3D graph of z1 and z2 for 50 training 

samples. For both z1 and z2, the predicted points as decrease in number of testing data are far 

away placed on 3D face of 100% agreement. These figures indicate that visual results are 

well consistent with R
2 

by regression analysis and number of training data need to be large 

enough.  
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Figure 2 - 14 Predicted 30 and 5 points to desired 3D face of z1 for 100 training data 

 

 

Figure 2 - 15 Predicted 30 and 5 points to desired 3D face z2 for 100 training data 

* : 30 Data for Test 

o : 5  Data for Test 

* : 30 Data for Test 

o : 5  Data for Test 

z1 

z2 
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Figure 2 - 16 Predicted 15 and 5 points to desired 3D face of z1 for 50 training data 

 

 

Figure 2 - 17 Predicted 15 and 5 points to desired 3D face of z2 for 50 training data 

 

* : 15 Data for Test 

o :  5 Data for Test 

*: 15 Data for Test 

o:  5 Data for Test 

z1 

z2 
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Three targets functions:  
2 21 sin( ) cos( )Z y x y x , 2 22 sin( ) cos( )Z x y x y , 2 2 2 23 sin( ) cos( )Z x y y x  

The above three functions are considered as [ 1, 2, 3] ( , )z z z f x y . As shown in 

Table 2-3, as decrease in no. of training data from 100 to 50, correlation R
2
 for testing (for 

the same number of testing data) also decrease. Based on this, it is shown that no. of training 

data need to be large enough as many as 100 data in this case.  

 

Table 2 - 3 Coefficient of R
2
 for three targets example 

Test 

no. 

No. of 

Training 

data 

No. of 

Testing 

data 

Correlation R
2
 

Training Testing 

Z1 Z2 Z3 Z1 Z2 Z3 

1 

100 

30 

0.9963 0.9972 0.9973 

0.9756 0.9872 0.9169 

2 15 0.9549 0.8716 0.7388 

3 5 0.6808 0.9935 0.5018 

4 

50 

15 

0.9959 0.9948 0.9969 

0.6131 0.3439 0.4963 

5 10 0.3946 0.2066 0.3238 

6 5 0.7765 0.0005 0.3973 

 

 Figure 2-18 and 2-19 show predicted test points for 100 training samples, and Figure 

2-20 and 2-21 present predicted test points for 50 training samples. While the predicted test 

points for 100 training data are generally placed right on 100% agreement of 3D face, the 

predicted test points for 50 training data are far away placed on 3D face of 100% agreement. 

These figures indicate that visual results are well consistent with correlation R
2 

and number 

of training data need to be large enough and number of testing data need to be at least a third 

of no. of training data as suggested by (Hammerstrom, 1993).  
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Figure 2 - 18 Predited testing 30points to deired 3D face of z3 for 100 training samples 

 

 

Figure 2 - 19 Predicted testing 15 points to desired 3D face of z3 for 100 trainig samples 
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Figure 2 - 20 Predicted testing 15 points to desired 3D face of z3 for 50 training samples 

 

 

Figure 2 - 21 Predicted testing 10 points to desired 3D face of z3 for training 50 points 
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 Effect of the number of samples  

An example: an exponential function exp(10* ( 1))*sin(12* * )y t t t  has to be 

approximated with a back-propagation neural network. The neural network is developed with 

an input, 10 hidden nodes with log sigmoid activation function and one hidden layer. The 

exact (original) function is shown in Figure 2-22 as a dotted line. The different 

approximations from 100, 50, 30 training samples are shown in Figure 2-22. The 

approximation improves with increase in the number of data in training.  
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Figure 2 - 22 Effect of the training set size on the generalization 

 

As shown in Figure 2-23, the training MSE (Mean Square Error) decreases with an 

increasing training set size, and the testing MSE decreases with increasing training set size. 

Number of testing data is decided as much as a third of number of training samples. It is 

shown that in this case there is a significant drop between 30 and 50 training samples. A 

network with more than 50 training samples is acceptable for a 0.002 MSE level.  



 42 

0.0E+00

2.0E-04

4.0E-04

6.0E-04

8.0E-04

10 30 50 70 90 110

number of training data

M
S
E
 f
o
r 

T
ra

in
in

g
 d

a
ta

0.000

0.002

0.004

0.006

0.008

M
S
E
 f
o
r 

T
e
st

in
g
 d

a
ta

Train

Test

 

Figure 2 - 23 Mean Square Error with respect to number of training data 

 

2.5.2 Effect of the number of hidden nodes 

It is noted that both the number of nodes in input and output layers are in general 

determined by the nature of the problem. The generalization capacity of neural network is 

primarily determined by number of hidden nodes in the hidden layer. A simple example is 

used to evaluate effect with different numbers of hidden nodes: a function 

0.6sin( ) 0.3sin(3 ) 0.1sin(5 )y x x x (-1< x < 1) is approximated using neural network. 

The neural network is developed with an input, 20 training samples and 6 testing samples 

with log sigmoid activation function and one hidden layer.  

Figure 2-24 and 2-25 show the approximations of the network for both training and 

testing data set. The thick dashed line gives the desired function, and the rectangular and star 

(*) denote the training samples for 6 and 15 hidden nodes respectively. As shown in Figure 

2-24, dotted line model for 6 hidden nodes fits well for both training, while the drawn line 

model for 15 hidden nodes learns irrelevant details of the individual cases without learning 

basic structure of the data. This example shows that a large number of hidden nodes leads to 

a small error on the training set but not necessarily leads to a small error on the test set. This 

problem is referred to as over-fitting. This is caused by that the network probably has too 

many neurons as previously explained.  
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Figure 2 - 24 Effect of the number of hidden nodes on the training 
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Figure 2 - 25 Effect of the number of hidden nodes on the testing 



 44 

If a network is trained well, it is reasonable that correlation R
2
 to testing set has to be 

similar to training set as the case of 6 hidden nodes as described in Table 2-4. For the 15 

hidden nodes, however, correlation R
2
 to testing set is too low compared correlation R

2
 to 

training set. This is a general over-fitting problem in training network.  

 

Table 2 - 4 Correlation R
2
 with respect to number of hidden nodes 

No. of Hidden Nodes 
Correlation R

2
 

Training Testing 

6 0.9999 0.9929 

15 0.9995 0.5096 

 

Best way to avoid overfitting is to use a large number of training data. Smith (1996) 

suggested that at least 10 times as many training cases as number of input variables would be 

appropriate. In order to avoid overfitting, the experiment using 60 data and 20 data are 

carried out for training and testing set respectively. Figure 2-26 shows results on training and 

testing data set at 15 hidden nodes. The network fits exactly with both the training and testing 

samples, also correlation R
2
 for training and testing set are high and similar each other.  
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Figure 2 - 26 Effect of the overfitting to 60 training samples 

 

2.5.3 Correlation R
2
, Relative Importance, and Parametric study 

Typically the best performance of the model is determined by the coefficient of 

correlation R
2
. In other words, a model which gives the maximum correlation R

2
 value is 

considered as the best model since there are lots of variations of the combination between 

variables and model parameters. A simple problem is used as example: A function 
3

1 2 3 1 2 3( , , ) 10y f x x x x x x  (0 < x1, x2, x3 < 10) has to be approximated with a back-propagate 

neural network. A neural network is created with three input variables, 5 hidden nodes with 

log sigmoid activation function, and 1 hidden layer. Table 2-5 show correlation R
2
 values 

corresponding given number of data. As far as concerned with correlation R
2
, a network 

seems to be trained fairly for up to 30 training samples (10 testing samples) since over-fitting 

problem occurs in the 20 training samples. In order to find out more reliable model, relative 

importance to distribute connection weights between input and output layer can be calculated. 

In this case, we see that relative importance has x3 >> x2 > x1 because of each input 

characteristics. As shown in Table 2-5, relative importance for the 20 and 30 training data 

doesn‟t reflect the general characteristics of each input. Therefore based on the correlation R
2
 

and relative importance, networks obtained from over 60 training samples are much 

reasonable.  
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Table 2 - 5 Correlation R
2
 and Relative Importance corresponding to number of data 

No. of 

training  

No. of 

testing 

Correlation R
2
 Relative Importance (%) 

Training Testing x1 x2 x3 

90 30 0.9991 0.9992 4.1 9.8 86.1 

60 20 0.9986 0.9990 9.12 12.46 78.42 

30 10 0.9556 0.9644 27.28 32.99 39.72 

20 6 0.9995 0.3688 39.6 34.7 25.7 

 

Figure 2-27 shows predicted values as a function of each input parameter. For a well 

trained network, each parameter need to have the exact trend(y=x1, y=10x2, y=x3
3
) within the 

range of each input (0-10). Also, predicted y values (11.1, 99.6, and 936.7) for x1, x2, x3 are 

supposed to be 10, 100, 1000 respectively. As shown in Figure 2-27, three predicted values 

are consistent with the above results. 

 

 

Figure 2 - 27 Parametric study (x1, x2, x3) 
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Effect of superfluous factor (t1) 

When model parameters are estimated in neural network, uncertain variables may be 

chosen as inputs because of considering a large number of variables to affect mechanical 

systems. Let‟s consider t1, which does not influence on y (target).  

Real function: 
3

1 2 3 1 2 3( , , ) 10y f x x x x x x (0 < x1, x2, x3, t1< 10)   (2.58) 

Assumption: 1 2 3 1( , , , )y f x x x t  (0 < x1, x2, x3, t1< 10)     (2.59) 

 

A neural network is carried out using 60 training samples and 20 testing samples. As 

far as concerned with only correlation R
2
, since a network seems to be trained fairly for all of 

chosen error rates as shown in Table 2-6, these network models are assumed as good ones. 

But they are not as supposed. The best way to reduce the effect of supposition factor is to use 

the minimum error rate during training model. As shown in Table 2-6, the decrease in error 

rate the effect on relative importance of t1 is reduced. In order to reduce the effect by the 

wrongly chosen parameter it‟s recommended that used error goal be small enough to ignore 

the supposition factor(t1), or the parameter of the smallest value be removed.  

 

Table 2 - 6 Effect of error rate on superfluous factor 

Error rate 

Correlation R
2
 Relative Importance (%) 

Training Testing x1 x2 x3 t1 

1/10
3
 0.9929 0.9990 15.01 6.49 68.49 10.01 

1/10
4
 0.9993 0.9998 5.23 12.86 76.82 5.09 

1/10
5
 0.9999 0.9998 1.53 3.63 93.75 1.09 

 

The effect of each parameter on the target(y) is further investigated. Figure 2-28 

through Figure 2-30 show predicted value of y as a function of each parameter in the 

prediction stage. Polynomial expression is given to the x3, linear expressions are given to the 

x1 and x2. Among of them, at 1/10
5
 error rate the predicted values(y) are best consistent with 

desired ones: for only x3, i) 1/10
3 
error rate - (9.86, 866.5), ii) 1/10

4 
error rate - (9.86, 924.7), 

iii) 1/10
5 

error rate - (9.86, 939.3). Therefore, The best way to find out the reasonable 
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performance of network model as uncertain variables may be chosen is to use the higher 

error rate related to relative importance.  

 

 

Figure 2 - 28 Parametric study at 1/10
3
 error rate 

 

 

Figure 2 - 29 Parametric study at 1/10
4
 error rate 
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Figure 2 - 30 Parametric study at 1/10
5
 error rate 

 

From the above we observe the following:  

(a) number of training data need to be large enough. How many data is required to the 

model depends on problems.  

(b) visual results are well consistent with correlation R
2
, and correlation R

2
 can be 

generally used as a good indicator.  

(c) in order to get the same results (correlation R
2
) of single target in the multiple 

targets problem, the larger number of data are needed. Thus as the increase in 

number of targets, the larger number of data are needed to the model.  

(d) inappropriate the large number of hidden nodes used may lead to overfitting 

problem. The best way to avoid overfitting is to use training samples as much as 

ten times of number of input variables, or to use from small number of hidden 

nodes.  

(e) as far as concerned with only correlation R
2
, a network seems to be trained fairly 

even unreasonable input characteristics. In order to find out more reliable model, 

relative importance and parametric study can be used only if input characteristic 

are known.  

0

200

400

600

800

1000

0 2 4 6 8 10

x1, x2, x3

Y

x1

x2

x3



 50 

(f) the best way to find out the reasonable performance of network model is to use the 

minimum error rate related to relative importance if uncertain variables as input 

variables may be chosen.  
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Chapter 3 Adaptive Neuro-Fuzzy Inference System 

3.1 Introduction 

 In the previous chapter we have examined the works of neural network models. The 

neural network has the learning ability to generalize rules from the case on which they are 

trained. On the other hand, the fuzzy set theory defined by Zadeh (1965) has been used as a 

mathematical way to represent vagueness in linguistics. The commonly used fuzzy inference 

system (FIS) is the actual process of mapping from a given input to output using fuzzy logic.  

The fuzzy system and neural networks are complementary technologies. The most 

important reason for combining fuzzy systems with neural networks is to use learning 

capability of neural network. While the learning capability is an advantage from the view 

point of a fuzzy system, from the viewpoint of a neural network there are additional 

advantages to a combined system. Because a neuron-fuzzy system is based on linguistic rules, 

we can easily integrate prior knowledge in to the system, and this can substantially shorten 

the learning process. One of the popular integrated systems is a ANFIS (Adaptive Neuro-

Fuzzy Inference System), which is about taking a fuzzy inference system and back-

propagation algorithm (Lin and Lee, 1996 and Jang.et.al, 1997).  

The objectives of this study are to present fundamental concepts of fuzzy sets, fuzzy 

inference system, and ANFIS, and followed by an illustration of the application of ANFIS on 

four simple benchmark problems. In later chapters ANFIS models will be developed for the 

prediction of ultimate pile capacity and pile setup, and their predictions will be compared 

with those from Neural Network Models.  

 

3.2 Fuzzy sets 

3.2.1 Fuzzy logic 

A classical (crisp) set is a collection of distinct objects. It is defined in such a way as 

to divide the elements of a given universe of discourse into two groups: member or 

nonmember. Let U be a universe of discourse. The characteristic function 
A(x) of a crisp 

set A in U takes its values in {0, 1} and is defined such that 
A(x) =1 if x is a member of A 

(i.e., x A) and 0 otherwise (i.e., x A ). That is,  

 

A

1 if x A
(x)

0 if x A
        (3.1) 
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So, the boundary of set A is sharp and rigid and performs a two-class group, and the universe 

of discourse U is a crisp set.  

Fuzzy sets were introduced by Zadeh (1965), as a means of representing and 

manipulating data that was not precise, but rather fuzzy. It was especially designed to 

mathematically represent uncertainty and vagueness and to provide formalized tools for 

dealing with the imprecision intrinsic to many problems. For example, let us consider a set A 

of tall person. In classical terms the set is considered crisp and may be defined as a number 

greater than 170 cm which can be expressed as: 

A {x x 170} ,        (3.2) 

According to the definition, if x is greater than 170, the x will belong to set A; otherwise x 

does not belong to the set. However, it is unsuitable that this method in the transition zone, 

like the heights of 169.9 cm and 170.1 cm, will be result in undesired behavior even almost 

identical properties. These difficulties can be avoided by generalizing the binary view to the 

notion of membership in the view of fuzzy sets. We allow a degree of membership which 

may assume all values between 0 to 1. The value 1 stands for complete membership of the set, 

while 0 means that an object does not belong to the set at all. Because of the intermediate 

degrees of membership, a smooth transition from the property of being a member to the 

property of not being a member can be achieved as shown in Figure 3-1. 

 

Figure 3 - 1 Crisp set A(left hand) and fuzzy set Ã(right hand) 

 

3.2.2 Membership functions 

The only condition a membership function must really satisfy is that it must vary 

between 0 and 1. The membership functions most commonly used in control theory are 

tall 

not tall 

definitely tall 

not very tall 
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triangular, trapezoidal, Gaussian, generalized bell and sigmoidal Z- and S- functions (Nguyen. 

H.T.,et.al., 2003).  

 

Triangular Membership Function 

A triangular membership function is fully described by three parameters {a, b, c},      

a < b < c ; 

 

Triangle

0, x a

x a
, a x b

b a
(x)

c x
, b x c

c b

0, c x

        (3.3) 

or by an alternative formula to Eq.(3.3). 

 

Triangle

x a c a
(x) max min , ,0

b a c b
     (3.4) 

 

 

Figure 3 - 2 Triangle Membership Function (a=4, b=7, c=9) 
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Trapezoidal Membership Function 

A trapezoidal membership function is fully described by three parameters {a, b, c, d}, 

a< b < c <d ; 

 

Trap

0, x a

x a
, a x b

b a

(x) 1, b x c

d x
, c x d

d c

0, d x

      (3.5) 

or by an alternative formula to Equation (5) 

 

Trap

x a d x
(x) max min ,1, ,0

b a d c
     (3.6) 

 

 

Figure 3 - 3 Trapezoidal Membership Function (a=2, b=5, c=8, d=9) 
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Gaussian Membership Function 

A Gaussian membership function has two parameters: c - responsible for its center 

and σ- responsible for its width; 

 

2

Gauss

x c
(x) exp

2
       (3.7) 

 

 

Figure 3 - 4 Gaussian Membership Function (σ=2, c=5) 

 

Generalized Bell Membership Function 

A generalized bell membership function has three parameters: a-responsible for its 

width, c-responsible for its center and b-responsible for its slopes; 

 

Bell 2b

1
(x)

x c
1

a

        (3.8) 
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Figure 3 - 5 Generalized Bell Membership Function (a=2, b=4, c=6) 

 

Sigmoidal Membership Function 

A sigmoidal membership function has two parameters: a-responsible for its slope at 

the crossover point x = c;  

 

Sigm

1
(x)

1 exp[ a(x c)]
       (3.9) 

 

 

Figure 3 - 6 Sigmoidal Membership Function (a=1, c=5) 
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D(Difference)sigmoidal Membership Function 

Dsigmoidal membership function is composed of the difference between two 

sigmoidal membership functions using Eq.(3.9). This membership function depends on four 

parameters, a1, c1, a2, and c2, and is the difference between two of these sigmoidal 

functions;  f1(x; a1, c1) - f2(x; a2, c2).  

 

 

Figure 3 - 7 Difference sigmoidal Membership Function (a1=5, c1=2, a2=5, c2=7) 

 

3.3 Fuzzy Inference System 

 Fuzzy inference systems usually perform crisp input-output mapping, as in control 

applications where the inputs correspond to system state variables, and the output are control 

signals. A fuzzy inference system implementing a real-valued function f(x) of d input 

variables can be represented as shown in the following: 

 

 

Figure 3 - 8 A fuzzy inference system diagram 

 

x Fuzzification Fuzzy processing Defuzzification 

Knowledge base (fuzzy rules & membership functions) 

y 
y  x  
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here 1 2 dx [x , x ,..., x ]  is a crisp multivariate input vector and y is a crisp univariate output. 

The knowledge base contains several fuzzy rules encoding a priori knowledge about the 

function f(x). Since we need to describe fuzzy systems for multivariate inputs, we need to 

formalize first the notion of a multivariate fuzzy set. Fuzzy membership function of a 

multivariate variable  1 2 dx [x , x ,..., x ]   is usually defined as a tensor product of univariate 

membership functions specified for each input coordinate. That is, given univariate fuzzy sets 

A(k) with a membership function A(K)(xk) one can define a multivariate fuzzy set A={A(1), 

A(2),…, A(d)} with the following fuzzy membership function  

 

A A(1) 1 A(2) 2 A(d) d(x) (x ) (x )..... (x )      (3.10) 

A= x1 is A(1) AND x2 is A(2),…, AND (xd is A(d))   (3.11) 

 

Using the definition of a multivariate fuzzy set, we can specify an (input, output) mapping as 

a collection of mapping between local neighborhood in the input and output space. A fuzzy 

inference system is a set of m fuzzy rules providing an interpretable representation for a 

multivariate function f(x):  

 

i iIF(x is A ) THEN yis B (i 1,2,....,m)      (3.12) 

 

where x is a dimensional input and y is a scalar output. The objective of fuzzy processing is 

to produce a crisp output for a given input. The three elements of fuzzy inference system can 

be formally described as follows: 

 

Fuzzification. For a given input, calculate rule i strength as a fuzzy membership function 

μAi(x). For notational convenience, denote rule i strength as:  

ii Aw (x)          (3.13) 

Rule output evaluation. The output fuzzy sets of each rule are modified according to either 

the product rule:  

ii i B(y) w (y)         (3.14) 

or the min inference rule:  

ii i B(y) min{w (y)}        (3.15) 
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Defuzzification. The preferred approach called additive defuzzification is to defuzzify each 

rule output first, then combine the resulting crisp outputs, as detailed next. Perform centroid 

defuzzification for each output fuzzy set:  

 

i i

i i

i i B B

i

i i B B

y (y)dy y w (y)dy y (y)dy
y

(y)dy w (y)dy (y)dy
    (3.16) 

 

Next calculate the system output as:  

i i

k

w y
y

w
         (3.17) 

 

3.4 ANFIS (Adaptive Neuro-Fuzzy Inference Systems) 

3.4.1 Combining neural network and fuzzy system 

The neural networks and fuzzy systems solve the problems by performing function 

approximation. A fuzzy system can be used to solve a problem if we have knowledge about 

the solution in the form of linguistic if-then rules. By defining suitable fuzzy sets to represent 

linguistic terms used with the rules, we can create the fuzzy system from these rules. A 

formal model of the problem of interest neither need, nor training data. On the other hand, we 

are lost without if-then rules, and to make the fuzzy system work we may need a long tuning 

process. For this stage there are no formal methods, so that only heuristics can be applied.  

A neural network does not use a mathematical model of the problem of interest, and 

don‟t need any form of prior knowledge. The solution obtained from the learning process can 

not be interpreted. This final state can not be interpreted in terms of rules, also a neural 

network with prior knowledge can not be initialized. The learning process itself can take long 

time. However, a well-known property attributed to neural networks is their fault tolerance 

regarding their inputs and changes in their structure.  

As shown in Table 3-1, a suitable combination of both approaches should be able to 

combine advantages and to avoid drawbacks.  

 



 61 

 

Table 3 - 1 Comparing neural networks and fuzzy systems (Nauck et.al., 1997) 

Neural network Fuzzy system 

advantages 

▪ No mathematical process model needed 

▪ No rule-based knowledge needed 

▪ Different learning algorithms available 

▪ No mathematical process model needed 

▪ Prior knowledge can be used 

▪ Simple interpretation and implementation 

disadvantages 

▪ Black box 

▪ Rules cannot be extracted 

▪ Determine heuristic parameters 

▪ Adaptation to modified environment can be 

difficult and relearning may be necessary 

▪ Prior knowledge cannot be used 

▪ No guarantee that learning converges 

▪ Rules must be available 

▪ Cannot learn 

▪ No formal methods for tuning 

▪ Semantic problems in interpreting tuned 

system 

▪ Adaptation to modified environment can be 

difficult  

▪ Tuning may be not successful 

 

3.4.2 ANFIS architecture 

Fundamentally, ANFIS is a combined system of a fuzzy inference system (FIS) and 

a back-propagation neural network algorithm based on some collection of input-output data. 

The most important reason for combining fuzzy systems with neural networks is to use 

learning capability of neural network. Such a combination should be able to learn linguistic 

rules and/or membership functions, or to optimize existing ones. To illustrate the use of 

neural networks for fuzzy inference, we present successful adaptive neural network fuzzy 

inference systems, along with training algorithms known as ANFIS. These structures, also 

known as adaptive neuron-fuzzy inference systems or adaptive network fuzzy inference 

systems, were proposed by Jang et al (1993). For simplicity we assume the fuzzy inference 

system that has two inputs x and y and a singleton z as its output. For a first–order Sugeno 

model, a common rule set with two fuzzy “If… then…” is as follows:  

 

Rule 1: If x1 is A1 and y1 is B1 then 1 1 1

1 0 1 2z f a a x a y    (3.18) 

Rule 2: If x1 is A2 and y1 is B2 then 2 2 2

2 0 1 2z f a a x a y   (3.19) 
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Where, 1 1 1 2 2 2

0 1 2 0 1 2a ,a ,a ,a ,a ,a  are consequent parameters (this will be explained in the 

end of this section).  

Figure 3-9 shows the reasoning mechanism for this Sugeno model. The corresponding 

equivalent ANFIS architecture, which we discuss now, is shown in Figure 3-10, where nodes 

of the same layer have similar functions. In the discussion, the term denotes the output of the 

i
th

 nodes in layer l. The constructed adaptive network is functionally equivalent to a Sugeno 

fuzzy model. It is important to note that the structure of this adaptive network is not unique. 

For instance, Layers 3 and 4 can be combined to obtain an equivalent with only 4 layers. By 

the same notion, the weight normalization can be performed in the last layer.  

 

 

Figure 3 - 9 A two input first-order Sugeno model with two rules 

 

Figure 3 - 10 An equivalent ANFIS architecture 

 

Layer 1: Every node i in this layer is an adaptive node with a node function 
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1,i iO A (x), for i 1,2        (3.20) 

1,i i 2O B (x), for i 3,4        (3.21) 

 

Where x(or y) is the input to node i and Ai(or Bi-2) is a linguistic label (such as “small” or 

“large” ) associated with the node. In other words, O1,i is the membership grade of a fuzzy set 

A = (A1, A2, B1, or B2) and it specifies the degree to which the given input x (or y) satisfies a 

quantifier A. Here the membership function for A can be an appropriately parameterized 

membership function such as the generalized bell function 

i2b

i

i

1
A(x)

x c
1

a

        (3.22) 

Where {ai, bi, ci} is the parameter set. As the values of these parameters change, the bell-

shaped function varies accordingly, thus various forms of membership functions for fuzzy set 

A. Parameters in this layer are generally referred to as premise parameters.  

 

Layer 2: Every node in this layer is a fixed node labeled, whose output is the product of all 

the incoming signals:  

2,i i i iO w A (x)B (y) , for i=1, 2.      (3.23) 

Each output represents the firing strength of a rule. In general any other t-norm operator, all 

of which perform a fuzzy AND, can be used as the node function in this layer.  

 

Layer 3: Every node in this layer is a fixed node labeled N. The i
th

 node calculates the ratio 

of the i
th

 rule‟s firing strength to the sum of all rule‟s firing strengths: 

i
3,i i

1 2

w
O w

w w
 for  i=1, 2      (3.24) 

The outputs of this layer are referred to as normalized firing strengths. 

 

Layer 4: Every node i in this layer is an adaptive node with a node function  

i i i

4,i i i i o 1 2O w f w (a a x a y)  for i=1, 2     (3.25) 
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Where, 
iw is the normalized firing strength from layer 3 and i i i

0 1 2{a , a , a } is the parameter set of 

this node. Parameters in this layer are referred to as consequent parameters.  

 

Layer 5: The single node in this layer is a fixed node labeled, which computes the overall 

output as the summation of all incoming signals: 

 

Overall output = 
i i

i
5 i i

i i

i

w f

O w f
w

     (3.26) 

 

3.4.3 Hybrid-learning algorithm  

Form the ANFIS architecture in Figure 3-9, we observe that when the values of the premise 

parameters are fixed, the overall output can be expressed as a linear combination of the 

consequent parameters. The output f in Figure 3-10 can be expressed as  

 

1 2
1 2

1 2 1 2

w w
f f f

w w w w
 

 = 1 1 1 2 2 2

1 0 1 2 2 0 1 2w (a a x a y) w (a a x a y)  

 = 1 1 1 2 2 2

1 0 1 1 1 2 2 0 2 1 2 2w a w xa w ya w a w xa w ya     (3.27) 

 

Which is linear in the consequent parameters, 1 1 1 2 2 2

0 1 2 0 1 2a ,a ,a ,a ,a ,a . 

The consequent parameters can be obtained by solving the following over constrained, 

simultaneous equations 

1

0

(1) (1) (1) (1) (1) (1) (1) (1) (1) (1) 1
1 1 1 2 2 2 1

1(2) (2) (2) (2) (2) (2) (2) (2) (2) (2)
21 1 1 2 2 2

2

0

2(n) (n) (n) (n) (n) (n) (n) (n) (n) (n)
11 1 1 2 2 2

2

2

a

w w x w y w w x w y a d

aw w x w y w w x w y

a

aw w x w y w w x w y

a

     

(1)

(2)

(n)

d

d


      (3.28) 

Where (k) (k) (k)x , y ,d  are the kth training pair k =1, 2, …. n, and 
(k )

1w and 
(k )

2w are the 

outputs of Layer 3 associated with the inputs 
(k ) (k )x , y . Eq.(3.28) can be expressed in 

matrix-vector form as Ax = d, where x = [ 1 1 1 2 2 2

0 1 2 0 1 2a ,a ,a ,a ,a ,a ]
T
  d = 

(1) (2) (n) T[d ,d ,...,d ]  
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And A is a matrix formed by the elements, 
(k )

1w , 
(k )

2w , 
(k) (k)x , y . There are several 

approaches to solve these kinds of constrained equations that can be used to obtain the 

consequent parameters. One of the most concise ways to solve Ax = d (if A
T
A is 

nonsingular) is to use the pseudo inverse technique.  

 
T 1 Tx (A A) A d         (3.29) 

 

ANFIS model implements a Sugeno-like fuzzy system in a network structure, and 

applies a mixture of back-propagation and least mean squares procedure to train the system. 

In the forward pass of the hybrid learning algorithm, node outputs go forward until Layer 4 

and the consequent parameters are identified by the least squares method outlined above. In 

the backward pass, the signals that propagate backwards are the error signals and the premise 

is updated by the gradient descent method. Table 3-2 summarizes the various activities 

during each passes (Jang et al, 1997).  

 

Table 3 - 2 Parameters update in the hybrid learning procedure for ANFIS 

Signal flow direction Forward pass Backward pass 

Consequent parameters Least-squares estimator Fixed 

Premise parameters Fixed Gradient descent method 

Signals Node outputs Error signals 

 

To summarize ANFIS architecture, first the membership functions for each input 

variable are defined. Each membership function corresponds to a linguistic term. Then 

degree of memberships is assigned to each input value corresponding to each linguistic term. 

This information is first feed-forward through the network and then the error will be back-

propagated through the network to update the membership functions for each input variable. 

The main objective is to determine the premise parameter which is used to build the final 

membership for each input variable and consequent parameters which is the consequent 

results corresponding to the If-Then rule.  

The following examples are to give a detailed description of how to use ANFIS and 

how it performs.  
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3.5 A basic study of Adaptive Neuro Fuzzy Inference System 

3.5.1 Effects of number of MFs and type of MFs  

A total of 60 training data and 20 testing data were sampled uniformly form the input 

range [-1, 1]: ( ) 0.6sin( * ) 0.3sin(3* * ) 0.1sin(5* * )y f x pi x pi x pi x . The training 

data were used for training ANFIS, while the testing data were used for verifying the 

identified ANFIS only. There is just no simple way to determine in advance the minimal 

number of membership functions needed to achieve a desired performance level. In other 

words, the number of membership functions is chosen empirically by trial and error (this is 

similar to the number of hidden units of neural networks). Generally the number of 

Membership Functions is decided within the range of 1 to 10 (Jang and Gulley, 1996).  

The type of membership functions as well as the number of membership functions is 

important in building the ANFIS architecture. Table 3-3 and 3-4 show correlation R
2
 with 

respect to type and number of MF (membership function) for training and testing data set 

respectively. Table 3-3 and 3-4 illustrate the chosen both types and numbers of MF to get 

best performance of network in terms of the coefficient of correlation R
2
, which is at 

Gaussian membership functions, and 6 number of membership functions. Also it is shown 

that with more number of MF, higher correlation R
2
 are achieved as shown in Table 3-3 and 

3-4.  

 

Table 3 - 3 Correlation R
2
 related to type and number of MFs for Training 

Number 

Type 
2 3 4 5 6 

Triangle 0.7873 0.9853 0.9829 0.9855 0.9978 

Gaussian 0.8695 0.8510 0.9940 0.9994 0.9999 

Generalized Bell 0.8692 0.9083 0.9949 0.9993 0.9998 

D-sigmoid 0.9118 0.8882 0.9951 0.9998 0.9993 
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Table 3 - 4 Correlation R
2
 related to type and number of MFs for Testing 

Number 

Type 
2 3 4 5 6 

Triangle 0.7726 0.9852 0.9843 0.9816 0.9942 

Gaussian 0.8680 0.8468 0.9946 0.9994 0.9999 

Generalized Bell 0.8674 0.9231 0.9953 0.9994 0.9998 

Dsigmoid 0.9202 0.8977 0.9938 0.9998 0.9991 

 

The ANFIS used here contains 6 (= 6
1
) rules with six membership functions assigned 

to the input variable. And the total number of fitting parameters is 36, including 18(= 3*6) 

premise parameters and 18(= 6*3) consequent parameters.  

Figure 3-11 and 3-12 shows initial Gaussian membership function, and final 

Gaussian membership function with six members after training. It is shown that how much 

they are different from circles in the figures even no big difference between them. Also input 

variable ranges 0 to 1 by normalization at initial MF, the variable range -1 to 1 at final MF. 

 

 

Figure 3 - 11 Initial membership function 
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Figure 3 - 12 Final membership function 

 

Figure 3-13 shows results on training and testing data set using 6 memberships with 

Gaussian functions. The thick dashed line gives the desired function (exact solution), and the 

triangular and star (*) denote the predicted training samples and testing samples respectively. 

The network fits exactly with both the training and testing samples, also correlation R
2
 for 

training and testing set are as high as close 1.0.  
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Figure 3 - 13 Training and testing results using 6 memberships with Gaussian functions 

 

3.5.2 Effects of number of samples 

In order to investigate effects of number of samples, an exponential function 

exp(10* ( 1))*sin(12* * )y t t t  is used to be approximated with an ANFIS as the same 

example used in the neural network model chapter. Figure 3-14 presents different 

approximations from 200, 100, 50, 30 training samples with 6 numbers of MFs and 

generalized bell shape MFs. The exact (original) function is shown in Figure 3-14 as a dotted 

line. The approximated lines with increasing training set size are not much matching with the 

original (desired) function in contrast to the results of back-propagation neural network.  

Figure 3-15 shows different approximations with regarding to different number of 

MFs (6, 7, 8) with 200 training samples and generalized bell shape MFs. As shown in Figure 

3-15, ANFIS with 7 or 8 numbers of MFs provide better than with 6 numbers of MFs. 

Therefore, it is shown that ANFIS has a much influence by number of MFs for each input 

variable rather than by number of training samples.  
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Figure 3 - 14 An example of effects of number of samples 
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Figure 3 - 15 An example of effects of number of MFs 
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3.5.3 Over-fitting  

 For data sets with more than three inputs, visualization techniques are not very 

effective and most of the time we have to rely on trial and error. For this example, the 

generalization capacity of ANFIS is largely determined by the number of membership 

functions assigned to each input variable: 3

1 2 3 1 2 3( , , ) 10y f x x x x x x  (0 < x1, x2, x3 < 10). 

At this time, we should not ignore over-fitting problem. Over-fitting occurs when we fit the 

fuzzy system to the training data so well that it no longer does a very good job of fitting the 

testing data. The results are a loss of generality. Table 3-5 shows that a larger number of MF 

leads to a small error on the training set but not necessarily leads to a small error on the test 

set. In other words, it is shown that correlation R
2
 for testing is much less while high 

correlation R
2
 for training at 6 membership functions. One of the ways to avoid over-fitting is 

to use small number of MF first. Table 3 -5 shows the best performance of ANFIS when two 

membership functions are used. 

 

Table 3 - 5 Correlation R
2
 with respect to type and number of MFs for Training 

Number 

Type 

Training Testing 

2 6 2 6 

Triangle 0.9999 0.9999 0.9998 0.8055 

Gaussian 0.9999 0.9999 0.9985 0.8445 

Generalized Bell 0.9999 0.9999 0.9969 0.8148 

Dsigmoid 0.9985 0.9999 0.9833 0.7225 

 

Figure 3-16 presents the initial triangular membership function with two membership 

functions for all input variables(x1, x2, x3). Figure 3-17 through 3-19 show final membership 

functions for each input variable after training respectively. These figures also provide each 

input range and how much were changed before and after training.  
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Figure 3 - 16 Initial MF (x1, x2, x3) 

 

 

Figure 3 - 17 Final MF (x1) 
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Figure 3 - 18 Final MF (x2) 

  

  

Figure 3 - 19 Final MF (x3) 
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3.5.4 Effects of superfluous factor (t1) 

When model parameters are estimated in neural network, uncertain variables may be 

chosen as inputs because of considering a large number of variables to affect mechanical 

systems. Let‟s consider t1 as one of input variables, which does not actually influence on 

y(target).  

 

Real: 
3

1 2 3 1 2 3( , , ) 10y f x x x x x x   

Assumption: 1 2 3 1( , , , )y f x x x t  (0 < x1, x2, x3 < 10, 0 < t1 < 2)   (3.30) 

 

An ANFIS is carried out using 60 training samples and 20 testing samples. As shown 

in Table 3-6 and 3-7, the performance is the best when two membership functions and 

triangular type of MF are used. Its correlation R
2
 is 0.9999 for training and 0.9846 for testing. 

Also it‟s shown that over-fitting problem occurs as increase in the number of MF. 

 

Table 3 - 6 Correlation R
2
 for training 

Number 

Type 
2 3 4 5 

Triangle 0.9999 0.9999 0.9999 0.9999 

Gaussian 0.9999 0.9999 0.9999 0.9999 

Generalized Bell 0.9999 0.9999 0.9999 0.9999 

D-sigmoid 0.9999 0.9999 0.9999 0.9999 

 

Table 3 - 7 Correlation R
2
 for testing 

Number 

Type 
2 3 4 5 

Triangle 0.9846 0.9180 0.6282 0.6140 

Gaussian 0.9670 0.8838 0.5218 0.4055 

Generalized Bell 0.9534 0.8669 0.4748 0.3403 

D-sigmoid 0.9092 0.6587 0.4353 0.2729 
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As far as correlation R
2
is concerned, since a ANFIS for testing seems to be trained 

fairly up to three membership functions as shown in Table 3-7, these ANFIS models are 

assumed as good ones. But they should not be expected as a good model because of 

superfluous factor (t1). The best way to avoid the influence the superfluous factor (t1) is to 

use the maximum epoch as convergent in the testing results. In this case, it‟s reasonable to 

use 50 epochs for the training as shown in Table 3-8.  

 

Table 3 - 8 Effect of epochs 

Epoch Training Testing 

10 0.9999 0.9641 

20 0.9999 0.9846 

30 0.9999 0.9970 

40 0.9999 0.9990 

50 0.9999 0.9993 

100 0.9999 0.9993 

 

Figure 3-20 and 3-21 presents the initial triangular membership function with two 

membership functions for all input variables(x1, x2, x3, t1). Figure 3-22, 3-23, 3-24, and 3-25 

show final membership functions for each input variable after training respectively. These 

figures also provide how much they were changed before (initial) and after (final) training.  
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Figure 3 - 20 Initial MF (x1, x2, x3) 

  

 

Figure 3 - 21 Initial MF (t1) 
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Figure 3 - 22 Final MF (x1) 

 

  

Figure 3 - 23 Final MF (x2) 
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Figure 3 - 24 Final MF (x3) 

 

 

Figure 3 - 25 Final MF (t1) 
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3.6 ANFIS vs BPNN 

3.6.1 to all of data range 

In order to compare ANFIS and BPNN we use an example in Neural Network: input 

variables are x, y and target variable are expressed as ( , )z f x y , 2 2 2*exp( )z x x y ,  x 

and y range: [-2, 2].  The data used in both models development was divided by two groups: 

the first one - 100 training samples, the second - 30 testing samples. BPNN is developed with 

1 hidden layer and 10 hidden nodes. ANFIS is developed with difference sigmoidal MFs and 

4 numbers of MFs to all of input variables [„very low‟, „low‟, „high‟, „very high‟]. Table 3-9 

describes correlation R
2
 by using ANFIS and BPNN. They both have high correlation R

2
 

results for training and testing data.   

Figure 3-26 and 3-27 present results of predicted 100 points of training and testing on 

desired 3D graph of z. For both ANFIS and BPNN results, the predicted points to training 

and testing are well placed on 3D face of 100% agreement.  

 

Table 3 - 9 Comparison results of correlation R
2
 for application to all of data range 

Type Training Testing 

ANFIS 0.9976 0.9812 

BPNN 0.9989 0.9917 

 



 80 

 

Figure 3 - 26 Comparison results for training data 

 

 

Figure 3 - 27 Comparison results for testing data 

 

*: BPNN 

o: AFNIS 

*: BPNN 

o: AFNIS 
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3.6.2 to limited data range 

ANFIS may be more efficient than BPNN when developing models using limited data 

range, which is already classified. The data used in both models development was divided by 

two groups: the first one - 81 training samples, the second - 26 testing samples. Let‟s say x 

range: [-2, 1], y range: [-2, 2] with the same example in the previous section: ( , )z f x y , 
2 2 2*exp( )z x x y . It is assumed that type of MFs is assigned to difference sigmoid MF, 3 

numbers of MFs for x variable, and 4 for y one by percentage of limited data range because x 

and y variables were assigned to 4 numbers of MFs in the previous section ([-2, 2]: 4, [-2, 1]: 

3).  

Figure 3-28 through 3-31 show initial MF and final MF to each input variable, 

respectively. Please note input ranges in Figure 3-28 and 3-29. Even though „very high‟ to 

develop AFNIS was not used as a MF, ANFIS can consider beyond the data range using 

linguistic terms like „very high‟. However, BPNN is not available to consider beyond the 

data range since BPNN handles only the limited data. BPNN considers that the data covers 

all ranges. But it‟s not true.  

 

 

Figure 3 - 28 Initial MF: x 

 

Very low Low High 
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Figure 3 - 29 Final MF: x 

 

 

Figure 3 - 30 Initial MF: y 

 

Low Very low High 

Very low Low High Very high 
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Figure 3 - 31 Final MF: y 

 

Table 3-10 describes comparison results of correlation R
2
 by using ANFIS and BPNN 

within the limited data range. They both have high correlation R
2
 results for training and 

testing data even though BPNN has slightly higher correlation R
2
.  

Figure 3-32 and 3-33 present predictions of training data (81) and testing (26) on 

desired 3D graph of z. For both ANFIS and BPNN results, the predicted points to training 

and testing are well placed on 3D face of 100% agreement.  

Based on 3.7.1 and 3.7.2 sections, ANFIS may be more efficient than BPNN in the 

case of developing a model with limited data range because ANFIS can consider beyond the 

data range using membership functions.  

 

Table 3 - 10 Comparison results of correlation R
2
 for application to limited data range 

 Training Testing 

ANFIS 0.9975 0.9071 

BPNN 0.9807 0.9859 

 

Very low Low High  Very high  
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Figure 3 - 32 Comparison results for training data 

 

 

Figure 3 - 33 Comparison results for testing data 

 

*: BPNN 

o: AFNIS 

*: BPNN 

o: AFNIS 
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From the above we observe the following: 

(a) The type of MFs and the number of MFs are important in building the ANFIS 

architecture. These are chosen empirically by trial and error.  

(b) ANFIS has a much influence by number of MFs for each input variable rather 

than by number of training samples.  

(c)  one of the ways to avoid over-fitting is to use small number of MF first because a 

larger number of MF leads to a small error on the training set but not necessarily 

leads to a small error on the test set. 

(d) the best way to avoid the influence the superfluous factor (t1) is to use the 

maximum epoch as convergent in the testing results. 

(e)  ANFIS can consider beyond the data range using linguistic terms. However, 

BPNN is not available to consider beyond the data range since BPNN handles 

only the limited data (BPNN considers that the data covers all ranges, but this is 

not true). 
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Chapter 4 Neural Network Models and Adaptive 

Neuro Fuzzy Inference System for Prediction of 

Ultimate Pile Capacity in Cohesionless-soils 

4.1 Introduction 

The evaluation of ultimate load capacity is an important aspect of the design of pile 

foundation. However, to estimate ultimate pile capacity has been a difficult task because of 

various factors affecting the capacity and their uncertainty. Because of these restrictions, it 

has been commonly accepted that pile load testing is the best way to provide accurate 

prediction. However, pile load tests are much more expensive and time-consuming, and thus 

can‟t be done routinely.  

In this section, back-propagation neural network models and adaptive neuro-fuzzy 

inference system are developed to predict the ultimate load capacity of piles in cohesion-less 

soils. A database of a number (75) of field pile load tests obtained and compiled from the 

review of literature was used for the development of these models. Two separate neural 

network models are developed; the first one is based on the entire data set an including 

jetting condition as an input variable, while the second model is only for non-jetted data set. 

In the developed neural network, there is an input layer, where input data presented to 

the network and an output layer, which one neuron representing ultimate capacity, and also 

two hidden layers as intermediate layers. Friction angle at shaft, friction angle around tip of 

the pile, effective stress at tip, pile length, pile cross-sectional area, and jetted/non-jetted 

condition are chosen as input variables to evaluate the pile capacity, which is the target 

variable. The models are developed within MATLAB with GUI (Graphical User Interface) to 

combine the both models for non-jetted data and for all data including some jetted data. Pile 

capacity predictions were made using BPNN as well as three commonly used empirical 

methods, and they were also compared with actual the results from measurements. These 

other methods are those proposed by Coyle and Castello(1981), Meyerhof(1976), 

Vesic(1977). The results of this study indicate that the neural network model provides a 

better prediction than conventional methods, and can serve as a reliable and simple predictive 

tool for the prediction of axial loading capacity of piles even considering jetting methods.  

In the developed ANFIS the same input variables as used in BPNN model are 

selected to evaluate the pile capacity, which is the target variable. Membership functions and 
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numbers to each input variable are appropriately decided when testing data set has the 

highest correlation R
2
. Pile capacity predictions were made using ANFIS as well as 

commonly used empirical methods including BPNN, and they were also compared with 

actual measurements. The other methods are those proposed by Coyle and Castello(1981), 

Meyerhof(1976), Vesic(1977). The results of this study indicate that both ANFIS and BPNN 

provide similar predictions (BPNN being slightly better than ANFIS) which are better than 

those by the empirical methods, and can serve as a reliable and simple predictive tool for the 

prediction of axial loading capacity of piles. As more data become available, these models 

(ANFIS and BPNN) can be improved further to make more accurate capacity prediction for a 

wider range of load and site conditions.  

 

4.2 Problem  

4.2.1 General  

 Several methods have been proposed for the estimation of the ultimate load capacity 

of piles because the evaluation of ultimate load capacity is an important aspect of the design 

of pile foundation. Perhaps the most frequently used method of estimating the load capacity 

of driven piles is to use dynamic driving formula because of their simplicity. It is obvious 

that the energy delivered to the pile, while driving it through soils, may serve as a basis to 

estimate its load carrying capacity. Simply the rated energy can be expressed as the weight of 

the ram multiplied by its drop. The dynamic pile driving formulae are derived by equating 

the delivered energy to the work done by the pile as it penetrates a distance against resistance. 

However, the results from these formulae show considerable scatter when compared to static 

load test data. They fail to cover a variety of pile driving systems by a single driving formula. 

Most of all, they can‟t explain a series of time-dependent events by hammer impacts. Of 

course the best way to estimate the ultimate capacity of pile is a static load test. However, 

because of high cost involved, static load tests can not be done routinely.  

 

4.2.2 Ultimate Load Capacity 

 Generally ultimate load capacity can be expressed by the sum of the ultimate shaft 

and base resistance, and then subtraction by the weight of pile.  

u p sQ Q Q W         (4.1) 

Where sQ = ultimate shaft resistance 
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pQ = ultimate base resistance 

 W = weight of pile 

 

The ultimate shaft resistance ( sQ ) can be evaluated by integration of the pile-soil 

strength over the surface area of the shaft as the Coulomb expression  

tanb b n bc         (4.2) 

Where, b = pile-soil shear strength 

 bc = adhesion 

 n  = normal stress between pile and soil = v sK  

 sK  = coefficient of lateral pressure 

 b  = angle friction between pile and soil  

 

Therefore, the ultimate shaft resistance is expressed as  

sQ = 
0

L

bC dz  = 
0

( tan )

L

a v s bC c K dz      (4.3) 

C = pile perimeter 

L = length of pile shaft 

 

Also, the ultimate base resistance pQ  can be evaluated from the general bearing capacity 

theory as  

p p pQ A q = ( 0.5 )p c vp q rA cN N d N      (4.4) 

Where pA  = area of pile base 

 c    = cohesion of soil 

 vp = vertical stress in soil at level of pile tip 

    = unit weight of soil 

 d    = pile diameter 

 , ,c q rN N N = bearing capacity of factors = ( )f   

 

From combining Eqs.(4.2)-(4.4), the ultimate load capacity of a single pile can be 

expressed as Eqs.(4.5). 

u p sQ Q Q W = ( 0.5 )p c vp q rA cN N d N + 
0

( tan )

L

a v s bC c K dz  - W (4.5) 
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However, it is noted that the soil parameters c, b , bc , and  should be appropriately 

used according to undrained condition or drained condition. If under undrained conditions, 

the v  and vp  should be total stresses, while for drained conditions the 'v  and 'vp  should 

be effective stresses.  

 

4.3 Available Methods  

4.3.1 Coyle and Castello‟s method 

Coyle and Castello (1981) suggested the way to calculate ultimate pile capacity in 

sand  

*'p q pQ q N A          (4.6) 

Where, 'q = effective vertical stress at the pile tip 

 *

qN = bearing capacity factor  

Figure 4-1 shows the variation of *

qN  with embedment ratio (L/D) and soil friction angle, . 

 

Figure 4 - 1 Variation of N
*
q with L/D and  

 

4.3.2 Meyerhof‟s method 

 The Meyerhof(1976) method assume that the shaft resistance and toe resistance can 

be estimated separately and that these two factors do not affect each other. The ultimate load-
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carrying of a pile is given by a simple equation as the sum of the load carried at the pile 

points and the total frictional resistance as Eq.(4.7). 

u p sQ Q Q          (4.7) 

From the Eq.(4.4), c=0 for piles in sand, 

*'p p p p qQ A q A q N         (4.8) 

2( / ) 800 / 8000p cor corq lb ft N L D N      (4.9) 

corN : corrected SPT N value suggested by Peck.et.al (1974) 

s s sQ f A           (4.10) 

tans s o lf K p f         (4.11) 

The magnitude of the critical depth (l) may be 15 to 20 pile diameters. A conservative 

estimate would be 

15l D          (4.12) 

 

4.3.3 Vesic‟s method 

 Vesic(1977) proposed a method for estimating the pile point bearing capacity based 

on the theory of expansion of cavities. According to this theory, based on effective stress 

parameters,  

* ' *( )p p p p c oQ A q A cN N       (4.13) 

'

o mean normal ground effective stress at the level of the pile point 

* *,cN N = bearing capacity factors 

*

*
3

1 2

q

o

N
N

K
         (4.14) 

where, oK earth pressure coefficient at rest  

* *( 1)cotc qN N         (4.15) 
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* 4
(ln 1) 1

3 2
c rrN I        (4.16) 

1

r
rr

r

I
I

I
         (4.17) 

where,  
2(1 )( ' tan )

s
r

s

E
I

c q
 = rigidity index     (5.18) 

sE : Modulus of elasticity of soil 

s : Poisson‟s ratio of soil 

  ∆: Average volumetric strain in the plastic zone below the pile point 

 

Also, skin resistance is calculated as Eq.(4.19) using the Unit Skin Resistance (fs) related to 

relative density(Dr): 

 

s sQ P L f         (4.19) 

where, 
41.51.5 0.08 (10) Dr

sf  for driven Piles     (4.20) 
41.51.5 0.025(10) Dr

sf for bored or jacked Piles    (4.21) 

 

4.4 Neural Network Models 

4.4.1 Introduction 

Through the previous ultimate load capacity approach five variables consisting of 

friction angle at shaft, friction angle around tip of the pile, effective stress at tip, pile length, 

pile cross-sectional area are selected as input variables. The friction angle of the soil around 

the shaft and near the tip of the pile provides the information about the shear strength of 

surrounding and supporting soils. Effective stress at the tip of the pile also has a significant 

role on calculating the pile capacity. The pile length as well as cross-sectional area provides 

the necessary information about pile dimensions.  

As a preprocess, all the inputs of the training and testing sets were scaled between 0 

and 1 before being presented to the network to make the contribution of all inputs equivalent 

(Master, 1993 and Eberhart and Dobbins, 1990).  

As shown in Figure 4-2, to predict the ultimate load capacity of piles in cohesion-less 

soils, two BPNN models are developed: first model for non-jetted data (in Figure 4-2(a), 

second model for all data including jetted data (in Figure 4-2(b)).  In the both models the 

used neural network algorithm is a back-propagation model, and the network models consist 
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of four layers. There is an input layer, where input data presented to the network and an 

output layer, which consists of one neuron representing ultimate capacity, and also two 

hidden layers as intermediate layers. As an activation function, a logistic sigmoid function 

was selected for input through the first hidden layer and for second hidden through output 

layer, and a hyperbolic tangent function was used to convert in the first hidden to second 

hidden layer. The appropriate hidden nodes are chosen when mean square error over the 

entire training pattern reaches an acceptable level. Then a GUI program combining both the 

models is developed to predict ultimate load capacity if jetting method is used or not. 

 

 

Figure 4 - 2 BPNN architectures for non-jetted data and all data (jetted data included) 

 

4.4.2 Neural Network Model for Non-jetted data 

Training and Testing 

In order to develop neural network model to estimate ultimate pile capacity using 

only non-jetted data the database of 68 driven piles test data was used. As shown in Table 4-1 

and 5-2, the 68 data were split at random into two groups: the first group of 51 was used as a 
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training set, and the remaining 17 data (25 % of the data) were used for testing the robustness 

of the developed neural network.   

 

Table 4 - 1 Training data set (non-jetted) 

No

Friction 

angel at 

shaft

Friction 

angle near 

pile tip

Effective 

stress at 

tip 

(lb/ft^2)

Pile 

length 

(ft)

Pile cross-

sectional 

area (ft^2)

Measured 

pile 

capacity 

(kips)

Predicted 

pile 

capacity 

(kips)

References

1 33.0 33.0 2318.3 40.0 0.066 16.9 80.6 Bergdahl and Wennerstrand (1976)

2 31.0 31.0 2798.7 52.5 0.660 107.9 65.6 Gregersen et al.(1973)

3 31.8 32.1 4425.2 77.0 1.778 134.9 231.8 Westinghouse(1990)

4 31.8 32.4 4943.6 86.0 0.149 146.1 126.3 Westinghouse(1990)

5 35.5 35.5 1858.8 29.9 0.860 147.3 206.7 Tavenas(1971)

6 34.0 35.0 1921.5 29.9 1.390 154.0 246.7 Thorburn and MacVicar(1970)

7 34.0 34.0 793.7 9.8 1.770 160.1 195.6 Vesic(1970)

8 34.0 35.0 2318.3 40.0 1.230 192.0 234.9 Thorburn and MacVicar(1970)

9 35.5 35.5 2485.4 40.0 0.860 201.0 229.4 Tavenas(1971)

10 35.5 35.5 3091.1 49.9 0.930 228.0 262.9 Tavenas(1971)

11 35.5 35.5 3091.1 49.9 0.860 250.2 254.0 Tavenas(1971)

12 31.8 32.4 4943.6 86.0 4.000 256.3 630.5 Westinghouse(1990)

13 35.0 37.0 5430.2 83.0 0.785 281.9 472.4 Blendy(1979)

14 35.5 35.5 3717.6 60.0 0.930 288.0 308.8 Tavenas(1971)

15 34.0 38.0 3049.3 37.1 0.340 321.3 403.9 Koizumi(1971)

16 35.0 35.0 3717.6 58.1 0.890 339.3 273.4 Goble et al.(1982)

17 32.0 35.0 5033.4 76.4 1.600 366.0 431.7 Thorburn and MacVicar(1970)

18 32.1 30.0 2020.8 92.0 4.000 390.0 409.7 Keane(1990)

19 35.0 35.0 1503.8 20.0 1.770 390.1 332.2 Vesic(1970)

20 33.0 35.5 7163.7 111.9 0.350 395.9 406.2 Kessler(1979)

21 36.5 36.5 2506.3 40.4 1.780 400.0 630.5 Hunter and Davisson (1969)

22 35.0 35.0 5054.3 79.1 0.710 400.0 377.3 Goble et al.(1982)

23 35.0 35.0 3717.6 58.1 1.000 400.0 298.3 Goble et al.(1982)

24 36.0 37.0 4365.1 67.9 0.890 420.0 468.7 Goble et al.(1982)

25 35.0 37.0 5137.8 78.1 0.785 430.1 449.5 Blendy(1979)

26 39.0 39.5 1169.6 17.1 1.075 437.9 484.9 Heins and Barends(1984)

27 39.0 39.5 1169.6 17.1 1.075 438.4 484.9 Heins and Barends(1979)

28 35.0 35.0 3467.0 54.1 0.660 472.1 232.8 Goble et al.(1982)

29 34.0 36.0 6662.5 104.0 0.350 490.1 404.0 Kessler(1979)

30 35.0 37.0 3299.9 52.8 1.770 502.0 513.9 Hunter and Davisson (1969)

31 28.2 36.0 2220.9 50.0 2.778 504.0 468.9 Keane(1990)

32 35.0 37.0 3822.1 58.1 0.785 520.0 374.8 Blendy(1979)

33 39.0 39.5 1566.4 23.0 1.075 548.3 590.5 Heins and Barends(1984)

34 31.7 38.0 1420.6 65.0 4.000 570.0 550.3 Keane(1990)

35 33.0 38.0 5325.8 80.4 1.410 587.9 680.3 Mansur and Kaufman(1958)

36 34.8 35.0 1800.8 93.0 4.000 600.0 554.2 Keane(1990)

37 31.2 29.0 3001.3 102.0 4.000 640.0 604.1 Keane(1990)

38 33.0 37.0 4302.4 65.3 1.960 642.1 584.3 Mansur and Kaufman(1958)

39 39.0 39.5 1503.8 22.0 1.075 674.5 575.6 Heins and Barends(1984)

40 33.0 37.5 4386.0 66.3 1.580 683.9 574.0 Mansur and Kaufman(1958)

41 36.0 36.0 2736.0 39.4 1.770 710.0 628.4 Vesic(1970)

42 33.0 33.0 6996.7 96.1 0.600 720.1 626.5 Wan et al.(1979)

43 33.0 34.0 7393.5 102.0 0.600 721.9 642.8 Wan et al.(1979)

44 38.0 41.0 2882.2 38.1 2.250 799.9 791.9 Furlow(1968)

45 34.0 37.5 4302.4 65.0 2.400 826.0 801.2 Mansur and Kaufman(1958)

46 36.0 36.0 3362.6 49.2 1.770 859.9 624.1 Vesic(1970)

47 38.0 40.0 4093.6 54.1 2.250 882.0 788.7 Furlow(1968)

48 37.5 39.5 5388.5 84.0 3.310 904.0 974.5 Gurtowski and Wu(1984)

49 28.0 39.0 4448.6 55.1 1.540 1049.9 1058.1 Reike and Crowser(1987)

50 33.0 35.0 3529.7 59.1 7.070 1124.1 1107.6 Mey et al.(1985)

51 34.0 38.0 9920.6 154.9 3.140 1259.9 1220.5 McCammon and Golder(1970)  



 95 

Table 4 - 2 Testing data set (non-jetted) 

No

Friction 

angel at 

shaft

Friction 

angle near 

pile tip

Effective 

stress at 

tip 

(lb/ft^2)

Pile 

length 

(ft)

Pile cross-

sectional 

area (ft^2)

Measured 

pile 

capacity 

(kips)

Predicted 

pile 

capacity 

(kips)

References

1 31.0 31.0 2798.7 52.5 0.340 116.7 54.4 Gregersen et al.(1973)

2 35.5 35.5 1858.8 29.9 0.930 147.9 212.6 Tavenas(1971)

3 35.5 35.5 2485.4 40.0 0.930 198.3 236.0 Tavenas(1971)

4 35.5 37.0 4761.9 71.9 0.710 207.3 423.3 Goble et al.(1982)

5 35.5 35.5 3717.6 60.0 0.860 288.0 291.0 Tavenas(1971)

6 32.0 35.0 5033.4 76.4 1.600 366.0 431.7 Thorburn and MacVicar(1970)

7 36.0 37.0 4490.4 69.9 0.440 400.0 356.9 Goble et al.(1982)

8 31.2 35.0 1200.5 30.0 3.361 408.0 393.1 Keane(1990)

9 36.0 37.0 4365.1 67.9 1.000 430.1 542.0 Goble et al.(1982)

10 33.0 38.0 4657.5 70.5 1.410 486.5 617.8 Mansur and Kauffman(1958)

11 35.0 36.5 3299.9 53.1 2.270 516.0 660.8 Hunter and Davisson(1969)

12 35.0 35.0 2088.6 29.2 1.770 560.0 498.1 Vesic(1970)

13 35.5 36.0 3404.3 49.9 1.400 605.9 604.6 Vesic(1970)

14 32.0 37.0 3675.9 57.4 4.149 690.0 839.7 Milovic and Baci(1976)

15 32.0 34.0 4135.3 68.9 2.490 719.4 539.5 Carpentier et al.(1984)

16 38.0 40.0 3425.2 44.9 2.250 740.1 746.9 Furlow(1968)

17 37.5 40.0 6286.5 98.1 3.310 1064.1 1126.0 Gurtowski and Wu(1984)  

 

Table 4-3 illustrates the chosen values of learning parameters to get the best 

performance of network when correlation R
2
 is highest. After initial weights in the range of -

3.40 to 4.33 were presented to the network, the network has trained continually through 

updating weights until error goal is 6.6*10
-3

 and the number of hidden nodes is 2 with the 

two hidden layers.  

 

Table 4 - 3 Learning factors at the highest R
2
 of test data set 

Initial weight 

No. of  

Hidden 

nodes 

Error goal 
Correlation R

2
 

Training Testing 

-3.40 ~ 4.33 2 6.6*10
-3

 0.8635 0.8578 

 

The correlation R
2
 and root mean-squared error (RMSE) of predicted versus 

measured results are summarized in Table 4-4. RMSE (Eq.(4.22)) is easily interpreted 

statistically since it has the same unit (kips) as the quantity of the vertical axis. As shown in 

Table 4-4, BPNN produce a much higher correlation R
2
 and a lower root mean-squared error, 

compared with the other methods. It is indicated that BPNN predictions are more consistent 

than the other, four empirical methods.  
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RMSE =
2( )i ia c

n
         (4.22) 

Where ia is actual values (i=1,2…,n), 

ic is computed values (i=1,2…,n). 

 

Table 4 - 4 Summary of Correlation R
2
 and RMSE (Root Mean Square Error) 

Type 
Correlation R

2
 RMSE (kips) 

Training Testing Training Testing 

BPNN 0.8635 0.8578 101.0 101.7 

Coyle & Castello 0.5251 0.4800 484.1 940.1 

Meyerhof 0.5420 0.5114 288.0 384.4 

Vesic 0.6152 0.5868 249.6 303.1 

 

In the case of non-jetted data, the predictions using BPNN as well as the 

conventional methods have plotted in Figure 4-3 for training and Figure 4-4 for testing, 

respectively. Figure 4-3 and 4-4 show that the predicted values from the neural networks 

matched the measured values much better than those obtained from the three empirical 

methods being used in practice.  
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Figure 4 - 3 Comparison results of predicted and calculated for training 
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Figure 4 - 4 Comparison results of predicted and calculated for testing 
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Relative Importance 

Table 4-5 shows the relative importance through the weights of each layer 

connections. The relative importance of the various input factors can be assessed by 

examining input-hidden-hidden-output layer connection weights. This is carried out by 

partitioning the hidden-output connection weights into components connected with each 

input neuron. All of the selected variables have significant influence.  

 

Table 4 - 5 Relative Importance (%) of the modeling (non-jetted) 

Input Variables shaft tip ‟ tip  
Pile 

length 

Cross 

sectional 

area 

R.I (%) 10.34 18.38 29.6 17.32 24.36 

 

Parametric Study 

The effect of each parameter on the ultimate pile capacity was investigated. The 

basic idea is to predict only one variable and the values of remaining variables are kept at 

their average value with the same updated weights and bias matrices after being trained. 

Figure 4-5 through 4-9 shows predicted values of ultimate pile capacity as a function of each 

parameter. It can be seen from these figures that the ultimate load capacity of piles increases 

with an increase in the friction angle at shaft, friction angle around tip of the pile, effective 

stress at tip of the pile, pile length, cross-sectional area. These results agree with the general 

pile characteristics. 
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Figure 4 - 5 Parametric study: Qu vs friction angle at shaft 
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Figure 4 - 6 Parametric study: Qu vs friction angle around pile tip 
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Figure 4 - 7 Parametric study: Qu vs effective stress at pile tip 
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Figure 4 - 8 Parametric study: Qu vs pile length 
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Figure 4 - 9 Parametric study: Qu vs pile cross-sectional area 

 

4.4.3 Neural Net Model from all data (Jetted data is included) 

Training and Testing 

A database derived from field pile load tests reported in the literature is compiled. As 

shown in Tables 4-6 and 4-7, the 75 data were split at random into two groups: the first group 

of 57 was used as a training set, and the remaining 18 data (24 % of the data) were used for 

testing the robustness of the developed neural network. Jetting was assigned a binary value of 

1 for no using jetting method and a value of 0 for with using it.  
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Table 4 - 6 Training data set (All data with Jetted data) 

No

Friction 

angel at 

shaft

Friction 

angle near 

pile tip

Effective 

stress at tip 

(lb/ft^2)

Pile length 

(L,ft)

Pile cross-

sectional 

area (ft^2)

Jetting

Measured 

pile 

capacity 

(kips)

Predicted 

pile 

capacity 

(kips)

References

1 33.0 33.0 2318.3 40.0 0.066 no 16.9 79.7 Bergdahl and Wennerstrand (1976)

2 31.0 31.0 2798.7 52.5 0.660 no 107.9 68.8 Gregersen et al. (1973)

3 31.8 32.1 4425.2 77.0 1.778 no 134.9 167.4 Westinghouse(1990)

4 31.8 32.4 4943.6 86.0 0.149 no 146.1 81.8 Westinghouse(1990)

5 35.5 35.5 1858.8 29.9 0.860 no 147.3 159.4 Tavenas(1971)

6 34.0 35.0 1921.5 29.9 1.390 no 154.0 266.1 Thorburn and MacVicar(1970)

7 34.0 34.0 793.7 9.8 1.770 no 160.1 171.7 Vesic(1970)

8 34.0 35.0 2318.3 40.0 1.230 no 192.0 241.6 Thorburn and MacVicar(1970)

9 35.5 35.5 2485.4 40.0 0.860 no 201.0 226.5 Tavenas(1971)

10 35.5 35.5 3091.1 49.9 0.930 no 228.0 315.9 Tavenas(1971)

11 35.5 35.5 3091.1 49.9 0.860 no 250.2 297.3 Tavenas(1971)

12 31.8 32.4 4943.6 86.0 4.000 no 256.3 538.6 Westinghouse(1990)

13 35.0 37.0 5430.2 83.0 0.785 no 281.9 469.5 Blendy(1979)

14 35.5 35.5 3717.6 60.0 0.930 no 288.0 322.1 Tavenas(1971)

15 34.0 38.0 3049.3 37.1 0.340 no 321.3 242.5 Koizumi(1971)

16 35.0 35.0 3717.6 58.1 0.890 no 339.3 352.4 Goble et al. (1982)

17 35.0 37.0 3299.9 53.1 1.130 no 368.0 390.6 Hunter and Davisson (1969)

18 32.7 35.0 2281.0 66.0 2.778 yes 370.0 398.7 Keane(1990)

19 32.1 30.0 2020.8 92.0 4.000 no 390.0 523.0 Keane(1990)

20 35.0 35.0 1503.8 20.0 1.770 no 390.1 371.7 Vesic(1970)

21 33.0 35.5 7163.7 111.9 0.350 no 395.9 388.9 Kessler(1979)

22 36.5 36.5 2506.3 40.4 1.780 no 400.0 494.9 Hunter and Davisson (1969)

23 35.0 35.0 5054.3 79.1 0.710 no 400.0 306.9 Goble et al. (1982)

24 35.0 35.0 3717.6 58.1 1.000 no 400.0 374.2 Goble et al. (1982)
25 31.2 35.0 1200.5 30.0 3.361 no 408.0 403.0 Keane(1990)
26 36.0 37.0 4365.1 67.9 0.890 no 420.0 424.0 Goble et al. (1982)

27 35.0 37.0 5137.8 78.1 0.785 no 430.1 465.1 Blendy(1979)

28 39.0 39.5 1169.6 17.1 1.075 no 437.9 477.2 Heins and Barends(1984)

29 39.0 39.5 1169.6 17.1 1.075 no 438.4 477.2 Heins and Barends(1979)

30 33.3 35.0 2000.8 66.0 2.778 yes 460.0 410.2 Keane(1990)

31 35.0 35.0 3467.0 54.1 0.660 no 472.1 261.4 Goble et al. (1982)

32 31.8 36.0 2761.2 64.0 2.778 yes 480.0 491.2 Keane(1990)

33 34.0 36.0 6662.5 104.0 0.350 no 490.1 353.3 Kessler(1979)

34 35.0 37.0 3299.9 52.8 1.770 no 502.0 486.0 Hunter and Davisson (1969)

35 28.2 36.0 2220.9 50.0 2.778 no 504.0 493.5 Keane(1990)

36 35.0 37.0 3822.1 58.1 0.785 no 520.0 483.7 Blendy(1979)

37 39.0 39.5 1566.4 23.0 1.075 no 548.3 586.4 Heins and Barends(1984)

38 31.7 38.0 1420.6 65.0 4.000 no 570.0 523.4 Keane(1990)

39 33.0 38.0 5325.8 80.4 1.410 no 587.9 674.0 Mansur and Kaufman(1958)

40 30.0 42.0 2000.8 70.0 2.778 yes 590.0 529.4 Keane(1990)

41 34.8 35.0 1800.8 93.0 4.000 no 600.0 523.0 Keane(1990)

42 31.2 29.0 3001.3 102.0 4.000 no 640.0 523.0 Keane(1990)

43 33.0 37.0 4302.4 65.3 1.960 no 642.1 666.5 Mansur and Kaufman(1958)

44 29.7 42.0 3361.4 65.0 2.778 yes 664.0 634.7 Keane(1990)

45 39.0 39.5 1503.8 22.0 1.075 no 674.5 570.4 Heins and Barends(1984)

46 33.0 37.5 4386.0 66.3 1.580 no 683.9 610.7 Mansur and Kaufman(1958)

47 36.0 36.0 2736.0 39.4 1.770 no 710.0 692.1 Vesic(1970)

48 33.0 33.0 6996.7 96.1 0.600 no 720.1 752.1 Wan et al. (1979)

49 33.0 34.0 7393.5 102.0 0.600 no 721.9 777.5 Wan et al. (1979)

50 38.0 41.0 2882.2 38.1 2.250 no 799.9 907.1 Furlow(1968)

51 34.0 37.5 4302.4 65.0 2.400 no 826.0 676.9 Mansur and Kaufman(1958)

52 36.0 36.0 3362.6 49.2 1.770 no 859.9 657.2 Vesic(1970)

53 38.0 40.0 4093.6 54.1 2.250 no 882.0 835.8 Furlow(1968)

54 37.5 39.5 5388.5 84.0 3.310 no 904.0 899.9 Gurtowski and Wu(1984)

55 28.0 39.0 4448.6 55.1 1.540 no 1049.9 1034.5 Reike and Crowser(1987)

56 33.0 35.0 3529.7 59.1 7.070 no 1124.1 1127.6 Mey et al. (1985)

57 34.0 38.0 9920.6 154.9 3.140 no 1259.9 1242.8 McCammon and Golder(1970)  
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Table 4 - 7 Testing data set (All data with Jetted data) 

No

Friction 

angel at 

shaft

Friction 

angle near 

pile tip

Effective 

stress at tip 

(lb/ft^2)

Pile length 

(L,ft)

Pile cross-

sectional 

area (ft^2)

Jetting

Measured 

pile 

capacity 

(kips)

Predicted 

pile 

capacity 

(kips)

References

1 31.0 31.0 2798.7 52.5 0.340 no 116.7 63.4 Gregersen et al. (1973)

2 35.5 35.5 1858.8 29.9 0.930 no 147.9 173.4 Tavenas(1971)

3 35.5 35.5 2485.4 40.0 0.930 no 198.3 247.5 Tavenas(1971)

4 35.5 37.0 4761.9 71.9 0.710 no 207.3 493.7 Goble et al. (1982)

5 35.5 35.5 3717.6 60.0 0.860 no 288.0 316.8 Tavenas(1971)

6 32.0 35.0 5033.4 76.4 1.600 no 366.0 500.5 Thorburn and MacVicar(1970)

7 36.0 37.0 4490.4 69.9 0.440 no 400.0 394.9 Goble et al. (1982)

8 29.3 33.0 3181.3 62.0 2.778 yes 400.0 468.0 Keane(1990)

9 36.0 37.0 4365.1 67.9 1.000 no 430.1 436.3 Goble et al. (1982)

10 33.0 38.0 4657.5 70.5 1.410 no 486.5 617.7 Mansur and Kauffman(1958)

11 35.0 36.5 3299.9 53.1 2.270 no 516.0 612.4 Hunter and Davisson(1969)

12 35.0 35.0 2088.6 29.2 1.770 no 560.0 517.9 Vesic(1970)

13 29.8 30.0 3221.3 117.0 4.000 yes 600.0 523.0 Keane(1990)

14 35.5 36.0 3404.3 49.9 1.400 no 605.9 620.0 Vesic(1970)

15 32.0 37.0 3675.9 57.4 4.149 no 690.0 581.5 Milovic and Baci(1976)

16 32.0 34.0 4135.3 68.9 2.490 no 719.4 573.0 Carpentier et al. (1984)

17 38.0 40.0 3425.2 44.9 2.250 no 740.1 908.2 Furlow(1968)

18 37.5 40.0 6286.5 98.1 3.310 no 1064.1 1259.9 Gurtowski and Wu(1984)  

 

Table 4-8 illustrates the chosen values of learning factors to get best performance of 

network in terms of the coefficient of correlation R
2
 is highest. After initial weights with the 

range of -3.75 to 3.95 were presented to the network, the network has been trained 

continually through updating weights until error goal is 5*10
-3

 and the number of hidden 

nodes is 2 with the two hidden layers.  

 

Table 4 - 8 Learning factors at the highest R
2
 of test data set 

Initial weight 
No. of  

Hidden nodes 
Error goal 

R
2
 

Training Testing 

-3.75 ~ 3.95 2 5*10
-3

 0.8935 0.8234 

 

The correlation coefficients and root mean square errors of predicted versus 

measured results are summarized in Table 4-9. As shown in Table 4-9, BPNN produced the 

much higher correlation R
2
, lower root mean square error, RMSE, compared with the other 

methods. They indicate that the BPNN predictions are more consistent than the others, three 

conventional methods.  
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Table 4 - 9 Summary of Correlation R
2
 and RMSE (Root Mean Square Error) 

Type 
Correlation R

2
 RMSE 

Training Testing Training Testing 

BPNN 0.8935 0.8234 84.0 116.8 

Coyle & Castello 0.5234 0.4635 324.9 645.9 

Meyerhof 0.4935 0.5025 231.0 266.5 

Vesic 0.6239 0.5824 166.0 208.5 

 

Pile predictions were made using BPNN as well as three other empirical methods. 

BPNN predictions in Figure 4-10 and 4-11 show smaller scatter in the data points than the 

predictions of the conventional methods. The results of this study indicate that the neural 

network model is better than the empirical methods when compared with actual 

measurements even using jetted data. It should be noted that the calculations of ultimate pile 

capacity by using the three conventional methods is done in condition of the equivalent one 

layer.  
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Figure 4 - 10 Comparison results of predicted and calculated for training 
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Figure 4 - 11 Comparison results of predicted and calculated for testing 

 

 Relative Importance 

Table 4-10 shows the relative importance through the weights of each layer 

connections. All the selected variables have significant influence, and relative importance 

calculated to pile length, pile cross-sectional area, and friction angle at shaft has higher than 

results to non-jetted data in Table 4-5. This is because effects by pile have increased while 

ones by soils decreasing. As more jetted data available, this model can be clearly analyzed to 

make more accurate prediction of ultimate pile capacity.  

 

Table 4 - 10 Relative Importance (%) of the modeling including jetting data 

Input 

variables shaft tip ‟ tip  
Pile 

length 

Cross 

sectional 

area 

Jetting 

R.I. (%) 17.6 10.6 12.5 36.7 33.7 4.8 
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 Parametric Study 

Figure 4-12 through 4-16 shows predicted values of ultimate pile capacity as a 

function of each parameter. It shows that the ultimate load capacity of piles increases with an 

increase in the friction angle at shaft, friction angle around tip of the pile, effective stress at 

tip of the pile, pile length, cross-sectional area. These are found to be reasonable.  
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Figure 4 - 12 Parametric study: Qu vs friction angle at shaft 
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Figure 4 - 13 Parametric study: Qu vs friction angel around pile tip 
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Figure 4 - 14 Parametric study: Qu vs effective stress at tip 
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Figure 4 - 15 Parametric study: Qu vs pile length 
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Figure 4 - 16 Parametric study: Qu vs pile cross-sectional area 
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4.4.4 A flow chart of BPNN program and GUI for practicing engineers 

 Figure 4-17 shows a schematic flow chart of the BPNN model. This flow of program 

is divided into two groups according to use of jetting. For each group, neural network factors 

to each model are set through the preliminary analysis: examining optimal weight matrix, and 

bias vector including no. of hidden nodes and MSE (Mean Square Error) value which are 

decided at the satisfactory level. First, unit system (US customary or SI metric) is required to 

be chosen, and input information is applied to differently trained model whether or not the 

use of jetting is done. After training the model using fixed neural network factors, testing is 

performed, which‟s never been used. Then, the chosen input information is applied to the 

already trained back-propagated neural network model. Finally, comparison results of 

measured and predicted ultimate pile capacity for both training and testing are plotted and 

ultimate pile capacity to given inputs is predicted.  

Figure 4-18 presents a MATLAB GUI which provide input information, comparison 

results, and predictions. Generally there are input spaces (blanks) in the left hand side, while 

outputs information in the right side.  

 

 

Figure 4 - 17 A schematic flow chart of the BPNN program 
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Figure 4 - 18 User friendly GUI for BPNN model to predict ultimate pile capacity 
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4.5 Adaptive Neural Fuzzy Inference System for Ultimate Pile Capacity 

4.5.1 Introduction 

 An adaptive neuro-fuzzy inference system model is developed to predict the ultimate 

load capacity of piles in cohesion-less soils. The same database of a number (68) of non-

jetted field pile load tests as the previous BPNN model was used for the development of this 

model, and the total 68 data were split at random into two groups (training data set, and 

testing data set).  

 In the developed ANFIS, five variables consisting of friction angle at shaft, friction 

angle around tip of the pile, effective stress at tip, pile length, pile cross-sectional area are 

selected as input variables to evaluate the pile capacity, which is the target variable. 

Membership functions and numbers to each input variable are appropriately decided when 

testing data set has the highest correlation R
2
. Pile capacity predictions were made using 

ANFIS as well as commonly used empirical methods, and they were also compared with 

actual measurements. The other methods are those proposed by Coyle and Castello (1981), 

Meyerhof (1976), Vesic (1977). The results of this study indicate that ANFIS provides a 

better prediction than the three conventional methods, and can serve as a reliable and simple 

predictive tool for the prediction of axial loading capacity of piles even considering jetting 

methods.  

 

4.5.2 Database 

The training and testing of the network were based on a database of 68 driven piles 

test data extracted from the references. As shown in Tables 4-11 and 4-12, the 68 data were 

split at random into two groups: the first group of 51 was used as a training set, and the 

remaining 17 data (25 % of the data) were used for testing the robustness of the developed 

adaptive neuro-fuzzy inference system.  

Five variables are selected as input to the developed ANFIS. These variables are: i) 

friction angle at shaft, ii) friction angle near pile tip, iii) effective stress at pile tip, iv) pile 

length, v) pile cross-sectional area. The friction angle of the soil around the shaft and near the 

tip of the pile provides the information about the shear strength of surrounding and 

supporting soils. Effective stress at the tip of the pile also has a significant role on calculating 

the pile capacity. The pile length as well as cross-sectional area provides the necessary 

information about pile dimensions.  
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Table 4 - 11 Training data set (non-jetted) 

No

Friction

angel at

shaft

Friction

angle near

pile tip

Effective

stress at

tip

(lb/ft^2)

Pile

length

(ft)

Pile cross-

sectional

area (ft^2)

Measured

pile

capacity

(kips)

Predicted

pile

capacity

(kips)

References

1 33.0 33.0 2318.3 40.0 0.066 16.9 16.9 Bergdahl and Wennerstrand (1976)

2 31.0 31.0 2798.7 52.5 0.660 107.9 107.9 Gregersen et al.(1973)

3 31.8 32.1 4425.2 77.0 1.778 134.9 134.9 Westinghouse(1990)

4 31.8 32.4 4943.6 86.0 0.149 146.1 146.1 Westinghouse(1990)

5 35.5 35.5 1858.8 29.9 0.860 147.3 147.3 Tavenas(1971)

6 34.0 35.0 1921.5 29.9 1.390 154.0 153.9 Thorburn and MacVicar(1970)

7 34.0 34.0 793.7 9.8 1.770 160.1 160.1 Vesic(1970)

8 34.0 35.0 2318.3 40.0 1.230 192.0 192.1 Thorburn and MacVicar(1970)

9 35.5 35.5 2485.4 40.0 0.860 201.0 201.0 Tavenas(1971)

10 35.5 35.5 3091.1 49.9 0.930 228.0 230.2 Tavenas(1971)

11 35.5 35.5 3091.1 49.9 0.860 250.2 248.0 Tavenas(1971)

12 31.8 32.4 4943.6 86.0 4.000 256.3 256.3 Westinghouse(1990)

13 35.0 37.0 5430.2 83.0 0.785 281.9 282.3 Blendy(1979)

14 35.5 35.5 3717.6 60.0 0.930 288.0 288.0 Tavenas(1971)

15 34.0 38.0 3049.3 37.1 0.340 321.3 321.3 Koizumi(1971)

16 35.0 35.0 3717.6 58.1 0.890 339.3 340.2 Goble et al.(1982)

17 32.0 35.0 5033.4 76.4 1.600 366.0 366.0 Thorburn and MacVicar(1970)

18 32.1 30.0 2020.8 92.0 4.000 390.0 390.0 Keane(1990)

19 35.0 35.0 1503.8 20.0 1.770 390.1 390.1 Vesic(1970)

20 33.0 35.5 7163.7 111.9 0.350 395.9 395.9 Kessler(1979)

21 36.5 36.5 2506.3 40.4 1.780 400.0 400.0 Hunter and Davisson (1969)

22 35.0 35.0 5054.3 79.1 0.710 400.0 400.0 Goble et al.(1982)

23 35.0 35.0 3717.6 58.1 1.000 400.0 399.2 Goble et al.(1982)

24 36.0 37.0 4365.1 67.9 0.890 420.0 420.0 Goble et al.(1982)

25 35.0 37.0 5137.8 78.1 0.785 430.1 429.7 Blendy(1979)

26 39.0 39.5 1169.6 17.1 1.075 437.9 438.3 Heins and Barends(1984)

27 39.0 39.5 1169.6 17.1 1.075 438.4 438.3 Heins and Barends(1979)

28 35.0 35.0 3467.0 54.1 0.660 472.1 471.9 Goble et al.(1982)

29 34.0 36.0 6662.5 104.0 0.350 490.1 490.1 Kessler(1979)

30 35.0 37.0 3299.9 52.8 1.770 502.0 502.0 Hunter and Davisson (1969)

31 28.2 36.0 2220.9 50.0 2.778 504.0 504.0 Keane(1990)

32 35.0 37.0 3822.1 58.1 0.785 520.0 520.1 Blendy(1979)

33 39.0 39.5 1566.4 23.0 1.075 548.3 549.9 Heins and Barends(1984)

34 31.7 38.0 1420.6 65.0 4.000 570.0 570.0 Keane(1990)

35 33.0 38.0 5325.8 80.4 1.410 587.9 587.9 Mansur and Kaufman(1958)

36 34.8 35.0 1800.8 93.0 4.000 600.0 600.0 Keane(1990)

37 31.2 29.0 3001.3 102.0 4.000 640.0 640.0 Keane(1990)

38 33.0 37.0 4302.4 65.3 1.960 642.1 642.2 Mansur and Kaufman(1958)

39 39.0 39.5 1503.8 22.0 1.075 674.5 672.7 Heins and Barends(1984)

40 33.0 37.5 4386.0 66.3 1.580 683.9 683.8 Mansur and Kaufman(1958)

41 36.0 36.0 2736.0 39.4 1.770 710.0 709.9 Vesic(1970)

42 33.0 33.0 6996.7 96.1 0.600 720.1 720.1 Wan et al.(1979)

43 33.0 34.0 7393.5 102.0 0.600 721.9 721.9 Wan et al.(1979)

44 38.0 41.0 2882.2 38.1 2.250 799.9 799.9 Furlow(1968)

45 34.0 37.5 4302.4 65.0 2.400 826.0 826.0 Mansur and Kaufman(1958)

46 36.0 36.0 3362.6 49.2 1.770 859.9 859.9 Vesic(1970)

47 38.0 40.0 4093.6 54.1 2.250 882.0 882.0 Furlow(1968)

48 37.5 39.5 5388.5 84.0 3.310 904.0 904.0 Gurtowski and Wu(1984)

49 28.0 39.0 4448.6 55.1 1.540 1049.9 1049.9 Reike and Crowser(1987)

50 33.0 35.0 3529.7 59.1 7.070 1124.1 1124.1 Mey et al.(1985)

51 34.0 38.0 9920.6 154.9 3.140 1259.9 1259.9 McCammon and Golder(1970)  
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Table 4 - 12 Testing data set (non-jetted data) 

No

Friction

angel at

shaft

Friction

angle near

pile tip

Effective

stress at

tip

(lb/ft^2)

Pile

length

(ft)

Pile cross-

sectional

area (ft^2)

Measured

pile

capacity

(kips)

Predicted

pile

capacity

(kips)

References

1 31.0 31.0 2798.7 52.5 0.340 116.7 115.1 Gregersen et al.(1973)

2 35.5 35.5 1858.8 29.9 0.930 147.9 149.8 Tavenas(1971)

3 35.5 35.5 2485.4 40.0 0.930 198.3 189.3 Tavenas(1971)

4 35.5 37.0 4761.9 71.9 0.710 207.3 342.0 Goble et al.(1982)

5 35.5 35.5 3717.6 60.0 0.860 288.0 290.0 Tavenas(1971)

6 32.0 35.0 5033.4 76.4 1.600 366.0 366.0 Thorburn and MacVicar(1970)

7 36.0 37.0 4490.4 69.9 0.440 400.0 457.4 Goble et al.(1982)

8 31.2 35.0 1200.5 30.0 3.361 408.0 288.2 Keane(1990)

9 36.0 37.0 4365.1 67.9 1.000 430.1 412.3 Goble et al.(1982)

10 33.0 38.0 4657.5 70.5 1.410 486.5 726.3 Mansur and Kauffman(1958)

11 35.0 36.5 3299.9 53.1 2.270 516.0 475.2 Hunter and Davisson(1969)

12 35.0 35.0 2088.6 29.2 1.770 560.0 512.3 Vesic(1970)

13 35.5 36.0 3404.3 49.9 1.400 605.9 529.9 Vesic(1970)

14 32.0 37.0 3675.9 57.4 4.149 690.0 450.8 Milovic and Baci(1976)

15 32.0 34.0 4135.3 68.9 2.490 719.4 773.6 Carpentier et al.(1984)

16 38.0 40.0 3425.2 44.9 2.250 740.1 640.6 Furlow(1968)

17 37.5 40.0 6286.5 98.1 3.310 1064.1 987.7 Gurtowski and Wu(1984)  
 

4.5.3 Modeling and Results 

 MFs (Membership Functions) 

For ANFIS analysis, number of types of MFs and the number of MFs assigned to 

each input variable is chosen by trial and error.  

Figure 4-19 through 4-28 show the initial and final membership functions for all input 

variables: i) friction angle at shaft-generalized bell MF, ii) friction angle near pile tip-sigmoid 

MF, iii) effective stress at pile tip-triangular MF, iv) pile length-sigmoid MF, v) pile cross-

sectional area-sigmoid MF. It is observed that a big change in the training membership 

functions around the initial condition is accounted for by the membership functions moving 

toward the origin. In other words, the initial MFs show uniformly distributed MFs between 0 

and 1, while the final MFs on input variables are not symmetric due to computer truncation 

errors and the approximated initial conditions used for bootstrapping the recursive least-

squares estimator. Most data in the database has membership grades between 0 and 1 for 

linguistic terms. 
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Friction angle at pile shaft 

 

 

Figure 4 - 19 Initial MF: Friction angle at pile shaft 

 

 

Figure 4 - 20 Final MF: Friction angle at Pile shaft 
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Friction angle near pile tip 

 

 

Figure 4 - 21 Initial MF: Friction angle near pile tip 

 

 

Figure 4 - 22 Final MF: Friction angle near pile tip 
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Effective stress at pile tip 

 

 

Figure 4 - 23 Initial MF: Effective stress at pile tip 

 

 

Figure 4 - 24 Final MF: Effective stress at pile tip 
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Pile length 

 

 

Figure 4 - 25 Initial MF: Pile length 

 

 

Figure 4 - 26 Final MF: Pile length 
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Pile cross-sectional area 

 

 

Figure 4 - 27 Initial MF: Pile cross-sectional area 

 

 

Figure 4 - 28 Final MF: Pile cross-sectional area 
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Types and numbers of MFs  

 Table 4-13 presents membership functions to each input variable when the ANFIS 

model reaches to acceptable satisfactory level. Different types of linguistic terms for each 

input variable are dependent on different numbers of MFs to each input variable.  

 

Table 4 - 13 Type of MFs and number of MFs to each input variable 

  at shaft  near pile tip ‟ at pile tip Pile Length 

Cross-

sectional 

area 

Type of MFs 
General 

bell 
Dsigmoid* Triangle Dsigmoid Dsigmoid 

Number of 

MFs 
3 4 4 3 4 

Linguistic 

terms 

High  

Medium 

Low 

Very high 

Above med. 

Medium 

Below med. 

Very high 

Above med. 

Medium 

Below med. 

Long 

Medium 

Short 

Very large 

Above med. 

Medium 

Below med. 

*: Asymmetric and closed membership functions synthesized using two sigmoid functions 

 

The ANFIS used here contains 576 rules, with different number of membership 

functions assigned to each input variable. The total number of fitting parameters is 1783, 

including 55 premise (nonlinear) parameters and 1,728 consequent (linear) parameters: used 

rule (576 = 3*4*4*3*4), premise parameters (55 = 3*3+4*4+4*3+3*4+4*4), and consequent 

parameters (1,728 = 576*3). 

 

Training and Testing Results 

 For the case of non-jetted data, the predictions using ANFIS as well as the 

conventional methods have plotted in Figure 4-29 and Figure 4-30 for training and testing 

respectively. The ANFIS results show less scatter in the data points in comparison to the 

other methods, and higher correlation R
2
. It is shown that ANFIS is much better than the 

empirical methods when compared with actual pile load tests‟ measurements. 
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Figure 4 - 29 Comparison measured and predicted values for training 
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Figure 4 - 30 Comparison measured and predicted values for testing 
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4.6 Comparison of Results 

Figures 4-31 and 4-32 show that the predicted values from ANFIS has the similar 

results with BPNN (BPNN being slightly better than ANFIS), and matched the measured 

values much better than those obtained from the three empirical methods. Overall, for this 

study BPNN may be more useful than ANFIS since BPNN model trains much faster with 

providing similar predictions (BPNN-3.8s, ANFIS-6m 50.3s). However, ANFIS may be 

more useful than BPNN in the case of developing a model with limited data range because 

ANFIS can consider beyond the data range using membership functions. 
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Figure 4 - 31 Comparison results of measured and predicted for training set 
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Figure 4 - 32 Comparison results of measured and predicted for testing set 

 

The correlation R
2
 and root mean-squared error (RMSE) of predicted versus 

measured results are summarized in Table 4-14. As shown in Table 4-14, ANFIS and BPNN 

produce a much higher correlation R
2
 and a lower root mean-squared error, compared with 

the other methods. It is indicated that the ANFIS and BPNN predictions are much better than 

other four empirical methods. 

 

Table 4 - 14 Comparison results of R
2
 and RMSE 

Type 
Correlation R

2
 RMSE 

Training  Testing Training Testing 

ANFIS 0.9999 0.8230 1.0 102.7 

BPNN 0.8635 0.8578 101.0 101.7 

Coyle & Castello 0.5251 0.4800 484.1 940.1 

Meyerhof 0.5420 0.5114 288.0 384.4 

Vesic 0.6152 0.5868 249.6 303.1 
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4.7 Conclusions 

In this study, back-propagation neural network model and ANFIS are presented for 

predicting the pile capacities in cohesion-less soils for jetted and non-jetted conditions. A 

database of a number (75) of field pile load tests obtained and compiled from literature 

review was used for the development of these models.  

In the developed neural network model, pile capacity predictions were made using 

back-propagation neural network as well as three commonly used empirical methods, and 

they were also compared with actual measurements. Also for a graphical display which 

contains input data and the plotting results the program was developed by using MATLAB 

GUI (Graphical User Interface), and combined models for non-jetted data and for all data 

including some jetted data was developed. The coefficient of correlation (R
2
) and RMSE 

(Root Mean Square Error) are used as measure of quality of prediction of comparison of the 

prediction results with measured pile load test data, artificial neural network predictions of 

the load capacity of piles are found to agree much better with the actual measured values as 

compared those from Coyle and Castello‟s, Meyerhof‟s and Vesic‟s methods. The results of 

this study indicate that the neural network models provide a better prediction and can serve 

as a reliable and simple predictive tool for the prediction of axial loading capacity of piles 

even considering jetting methods. As more jetted data become available, the model itself can 

be improved further to make more accurate capacity prediction in a wider range of load and 

site conditions. 

In the developed ANFIS the same input variables as used in BPNN model are 

selected to evaluate the pile capacity, which is the target variable. Membership functions 

types and numbers to each input variable are appropriately decided when testing data set has 

the highest correlation R
2
. Pile capacity predictions were made using ANFIS as well as 

commonly used empirical methods, and they were also compared with actual measurements. 

The other methods are those proposed by Coyle and Castello (1981), Meyerhof (1976), Vesic 

(1977). The results of this study indicate that both ANFIS and BPNN provide similar 

predictions (BPNN being slightly better than ANFIS) which are better than those by the 

empirical methods, and can serve as a reliable and simple predictive tool for the prediction of 

axial loading capacity of piles. Overall, this study shows that BPNN is little more efficient 

than ANFIS in that BPNN arrives much faster than ANFIS at the same satisfactory level with 

similar predictions. ANFIS however, will be desirable in those situations where on or more 

of the input variables are available in „fuzzy‟ terms which crisp information are not available. 
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Chapter 5 A Neural Network Model and Adaptive 

Neuro Fuzzy Inference System for Prediction of Pile 

Setup  

5.1 Introduction 

The evaluation of ultimate load capacity considering pile setup may lead to more 

economical pile design leading to reductions in pile lengths, pile sections, and the size of 

driving equipment. The commonly used relationships to estimate pile setup are highly 

empirical. Also, the predictive empirical equations are limited by the corresponding data sets 

from which they are derived. These methods do not provide reliable predictions for use in the 

practice.  

In this study a four layer BPNN (back-propagation neural network) model and 

ANFIS (Adaptive Neuro fuzzy Inference System) are developed to predict pile capacity 

increased by setup. A database of a number (96) of field tests is developed from the available 

literature for the training and testing of the model, and six variables are selected as input for 

both the neural network model and ANFIS.  

In the developed BPNN, there is an input layer, where input data are presented to 

network and an output layer, with one neuron representing the increase in pile capacity at the 

Beginning of Restrike by setup ( QBOR). Two hidden layers as intermediate layers are also 

included. Six variables are: soil type, pile type, pile diameter, pile length, time after pile 

installation, and effective stress at tip. The database from a variety of case studies available 

in the literature is developed from field dynamic tests; bearing capacities varying with time 

are calculated from CAPWAP analyses. The data set is randomly split into two groups: the 

first group of 73 is used for training the neural network model, and the remaining 23 data 

(24 % of the data) are used for testing. The predictions by the neural network model are 

compared with those from four empirical relationships frequently used in practice. The 

results indicate that the neural network model provides a better prediction and can serve as a 

reliable and simple tool for the prediction of pile setup in the pile design.  

In the developed ANFIS, six input variables including roughness volume to different 

pile type are selected to evaluate the increased pile capacity at the beginning of restrike by 

setup ( QBOR). The total 96 data of CAPWAP were split at random into two groups (training 

(73), and testing data set (23)) as in the previous BPNN model. Membership functions and 
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numbers to each input variable are appropriately decided when the testing data set has the 

highest correlation R
2
. Pile setup predictions are made using ANFIS as well as commonly 

used empirical methods, and they were also compared with actual measurements. The four 

empirical methods are those proposed by Skov and Denver(1986), Svinkin(1996), 

Long.et.al(1999), and Svinkin and Skov(2000)). The results of this study indicate that both 

ANFIS and BPNN provide similar predictions (ANFIS being slightly better than BPNN) 

which are better than those from empirical methods, and can serve as a reliable and simple 

tool for the prediction of pile setup. Overall, for this prediction BPNN may be more efficient 

than ANFIS since BPNN model trains much faster while they provide similar predictions. 

ANFIS, however, may be more desirable in case when one or more of the input variables are 

desirable only in „fuzzy term‟.  

 

5.2 Pile Setup  

5.2.1 General 

The increase in pile capacity with time after pile installation is referred to as pile 

setup or freeze. For defining this, a driven pile‟s long-term capacity at Beginning of Restrike 

(QBOR) is expressed as the sum of pile capacity at End of Drive (QEOD) and the pile capacity 

increase by setup at Beginning of Restrike ( QBOR). Setup has been demonstrated to account 

for capacity increases of up to 12 times the initial value.  

As a pile is driven into the soil, the soil adjacent to the pile is compressed and 

subjected to large strains (remolded). Pile setup is predominantly associated with an increase 

in soil resistance acting on the side of a pile caused by the generation of pore water pressure 

during pile installation and its subsequent dissipation. As shown in Figure 5-1, the 

phenomenon may be generally described in terms of three phases:  

 

Phase 1: Nonlinear relationship of set-up and time (log) 

 For some period after driving the rate of dissipation of excess porewater pressures is 

not constant (non-linear) because of the highly disturbed state of the soil. During the non-

constant rate of dissipation of excess pore pressures, the affected soil experiences an increase 

in effective and horizontal stress, consolidates, and gains strength in a manner which is not 

well understood and is difficult to model and predict. The nonlinear rate is a function of soil 

type, and pile properties. In clean sands, the logarithmic rate of dissipation may become 

linear almost immediately after driving. In cohesive soils, the logarithmic rate of dissipation 

may remain nonlinear for several days.  
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Phase 2: Linear rate relationship of set-up and time (log) 

 A logarithm in relationship between pile setup and time was first proposed by Skov 

and Denver (1988). At some time after driving, the rate of excess porewater pressure 

dissipation becomes constant (linear) with respect to the log of time. In fine-grained soils or 

mixed soils, the rate of excess porewater pressure dissipation corresponds well with the linear 

relationship. In cohesive soils, logarithmically linear dissipation may continue for several 

days, months, or even years.  

 

Phase 3: Effects of Aging 

 Aging refers to a time-dependent change in soil properties at a constant effective 

stress. So, during the third phase of setup, setup rate is independent of effective stresses. 

Chow et al(1998) showed imperceptible increases in density during the aging period, so the 

changes in behavior must be attributable to micro-structural rearrangements of the sand 

grains and their contacts with time. The changes in soil properties due to aging are unlikely 

to be the major factor controlling setup in sand.  

 

 

Figure 5 - 1 Idealized schematic of setup phases (after Komurka, 2003) 
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5.2.2 Setup by dissipation of pore water pressure 

Cohesive soils 

 This phenomenon is generally caused by the generation of pore water pressure during 

pile installation in clay or fine sand. When a pile is driven into saturated clays, the soil 

adjacent to the pile is compressed, and pore pressure in the surrounding soil increases. This 

effect is to reduce temporarily the effective stress and strength of the soil. As these excess 

pore pressures dissipate, the surrounding clay increases both in strength and in pile capacity.  

 

Non-cohesive soils 

 Long et.al (1999) showed that the time-dependent increase in capacity for piles in 

mixed-soil profiles is similar to increase seen for piles driven in clay, and the magnitude of 

increase in pile capacity in mixed soil profiles is most likely related to the proportion of clay 

soils in the profile. During pile driving in dense to fine sands, effective stresses temporarily 

increase due to negative pore water pressures generated because of dilation, resulting in an 

increase of soil strength. With dissipation of excess pore pressures, the effective stresses will 

decrease thereafter. In the non-cohesive soils a part of the short-term setup takes place during 

the dissipation of excess pore pressures. Unfortunately the pile setup of non-cohesive soils is 

not completely explained by the effects of pore pressure.  

 

Change in stress regimes surrounding piles  

 The changes in pile capacity with time are not explained completely by the effects of 

pore pressure. From more fundamental observations the reasons of the time-dependent 

strength of soils (non-cohesive) may be detailed.  In loose to medium dense sand the local 

shear stresses acting on a pile shaft at failure, τf, followed the simple coulomb failure 

criterion:  

 ' '( ) tanf rc r f
       (5.1) 

Where '

rc = radial effective stress on pile shaft after installation and equalization, 

 '

r = increase during pile loading,   

 f = interface angle of friction at failure. 

 

 The high degree of sand compaction at the pile tip during driving can create a thin 

“sleeve” of loose sand around the pile shaft. Then high hoop stresses (σ‟ ) could be sustained 
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in the surrounding denser sand by arching, as illustrated in Figure 5-2. A reduction in the 

arching effect would allow horizontal stresses to increase close to the pile.  

 

 
Figure 5 - 2 Plan view for arching mechanisms around pile shaft (Chow et.al, 1999) 

 

 Chow et. al (1999) presented that the best explanation for the marked setup effects on 

driven piles in non-cohesive soils is that sand creep rather than climatic or tide-related 

changes in pore pressure weakens the arching mechanisms surrounding the pile shaft, 

increasing horizontal stresses while also producing stronger dilation effects during loading.  

 Axelsson (1998) showed that pile driving in sand can generate strong arching effects, 

even at deep depths, and then the arching deteriorates with time due to stress relaxation and 

leads to an increase in horizontal stress on the shaft. The increase in horizontal stress due to 

stress relaxation can be continued for several months and is approximately linear with the 

logarithm of time. The other main reason is that soil aging phenomenon with respect to piling 

is the reorientation of particles leading to interlocking. All these changes lead to increasing 

dilatancy with time. So, both soil particles interlocking with the surface roughness and stress 

relaxation provide an explanation of the strong setup effects of pile in non-cohesive soils.  

 

5.3 Estimation of Pile setup 

5.3.1 Empirical relationships 

Many researchers have observed the increase of pile capacity with time after pile 

installation into the ground. From their field studies, they have developed empirical 

relationships for predicting pile capacity with time if pile capacity at end of drive is given.  

 

 Skov and Denver (1988) 

 Skov and Denver presented a formula which is a linear relationship with respect to 

the log of time, and has been commonly used so far.  
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 Qt = Qo [A log(t/to)+1]                      (5.2) 

 

Where  Qt = axial capacity at time t after driving, 

 Qo= axial capacity at time to, 

 A = a constant depending on soil type, and 

 to= an empirical value measured in days. 

 

 

Figure 5 - 3 Time-dependent development of capacities by Skov and Denver (1988) 

 

In this relation, to is a function of the soil type and pile size, and is the time at which 

the rate of excess pore-water pressure dissipation becomes uniform (linear with respect to the 

log of time) in Figure 5-3. The value of to is defined as 0.5 for sand and 1.0 for clay. And the 

value of A parameter is a function of soil type, pile material, type, size, and capacity. The A 

value is presented by 0.2 for sand and 0.6 for clay.  

 

 Huang (1988) 

 Huang presented a formula predicting the rate at which pile capacity is developed 

with time in the soft ground of Shanghai.  

 

 Qt = QEOD + 0.263 (1+log(t) (Qmax-QEOD))      (5.3) 
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Where  Qt = pile capacity at time t, 

 QEOD = pile capacity at EOD, 

 Qmax = the bearing capacity of pile. 

 

 

Figure 5 - 4 Variation of Bearing Capacity with Time by Huang (1988) 

 

The results from dynamic measurement and static loading test are presented in Figure 

5-4. As shown in Figure 5-4, the bearing capacity increase agrees with empirical curve from 

Eq.(5.3).  QEOD and Qmax depend on shear strength of the remolded sample and the 

undisturbed sample, respectively. It is concluded that the gain of H-pile capacity with time is 

similar to the empirical relationship of reinforced concrete piles in Shanghai.  

 

 Svinkin(1996) 

Svinkin et.al(1996) developed a formula for setup based on load test data.  
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Figure 5 - 5 Pile capacity-time relationships by Svinkin(1996) 

 

Figure 5-5 shows that the tendency of soil setup for all tested piles was the same, but 

the setup coefficient ranged between an upper boundary (Eq.(5.4)) and lower boundary 

(Eq.(5.5)). It should be noted that these equations can be used one day after EOD (End of 

Driving). 

 

 Long.et.al (1999) 

 Long.et.al (1999) presented a formula considering to taken to be 0.01 days, which is 

modified from Eq.(5.2). 

 

 Qt = QO [A log(t/0.01)+1]                    (5.6) 

 

Parameter of A is the same as the factor A in Eq.(5.2). As shown in Figures 5-6 and 5-7, time 

for EOD (to) is taken to be 0.01 days for the piles in clay and sand by monitoring the increase 

in capacity with time.  
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Figure 5 - 6 Normalized capacities for piles in clay by Long.et.al (1999) 

 

 
Figure 5 - 7 Normalized capacities for piles in sand by Long.et.al (1999) 
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 Svinkin and Skov (2000) 

 Svinkin and Skov (2000) proposed a formula for setup based on Eq.(5.2).  

 

 Qt/QEOD-1 = B [log10(t) + 1]                 (5.7) 

 

 

Figure 5 - 8 Pile capacity-time relationships (Svinkin and Skov, 2000) 

 

Figure 5-8 shows that calculated values agree well with measured values of pile capacity as a 

function of time after EOD. Eq.(5.7) is similar to Eq.(5.2) except that the time for EOD is 

taken 0.1(2.4 hours). The factor B is similar to A in Eq.(5.2). This proposed formula has 

some advantages: i) use the traditional setup formulation, ii) take into account the actual time 

in days passed after pile installation, iii) provide determination of the soil setup 

independently of the time of the first restrike. The factor B ranges from 1.6 to 3.5.  

However, it should be noted that these conventional formulae are limited with 

respect to the field data from which they are derived. Therefore, the methods don‟t give 

reliable predictions to be used for other cases in the practice. Currently, these are being used 

as methods for back-calculation A and B factors.  
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5.3.2 Other Studies 

Also, numerical studies have been made using strain path method and finite element 

nonlinear analysis. However, these studies have mostly been applied to clay materials and 

not to sandy soils. This is why it is difficult to clearly define pile setup in sandy soils 

compared to clayey soils when considering only dissipation of excess pore water pressure. 

Therefore the prediction by numerical methods has been difficult and limited due to 

uncertainty associated with the evaluation of model parameters.  

  

5.4 Neural Network Model for the Prediction of Pile Setup 

5.4.1 Introduction 

The details of Neural Network Modeling have been presented earlier in Chapter 2. 

Here only the essential idea is recalled. The neural network has a parallel distributed 

architecture with a large number of nodes and connections with varying weights. Each node 

has a computation process: multiplying its weight by each input, summation of their product, 

and then it produces the actual output using the non-linear transfer function.  

The back-propagation neural networks used for this study are trained by feeding a set 

of mapping data with input and target variables. The main objective of “training” the neural 

network is to update the connection weights to reduce the errors between the predicted and 

actual target values to a satisfactory level. This process is carried out through the 

minimization of the defined error function by updating the connection weights. Also, the 

number of hidden layers, number of hidden nodes, transfer functions, and normalization of 

data are chosen to get the best performance of the model. After the errors are minimized, the 

model with all the parameters including the connection weights is tested with a separate set 

of “testing” data that was not used in training. At the end of the training phase, the neural 

network represents a model that should be able to predict the target value given the input 

pattern.  

Figure 5-9 shows BPNN model developed for prediction of pile setup. The neural 

network adopted in this study utilizes the back-propagation learning algorithm with two 

hidden layers, nine hidden nodes as show in Figure 5-9. Also, a logistic sigmoid function is 

selected as an activation function to transfer input layer to first hidden layer and second 

hidden to output layer, whereas a hyperbolic tangent function is used to convert first hidden 

layer to second hidden layer by trial and error. Also, the Levenberg-Marquardt method is 

applied to make the convergence much faster.  
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Figure 5 - 9 BPNN architecture for prediction of pile setup 

 

5.4.2 Database 

In this paper, a database is developed from the results of a number (96) of field 

dynamic tests, CAPWAP analyses for pile capacity. Six variables are selected as input to the 

developed neural network model. These variables are: soil type, pile type, pile diameter, pile 

length, time after EOD, and effective stress at tip. Setup is much affected by soil and pile 

type. Effective stress changing with time also has a significant role on the evaluation of pile 

capacity. The pile length and pile diameter affect setup influence zone.  

The variables and references are presented in Tables 5-1 and 5-2. The total 96 data 

were split at random into two groups: the first group of 73 data is used as a training set 

(Table 5-1), and the remaining 23 data (about 24 % of the data) are used for testing set (Table 

5-2). The values associated with soil type are chosen as: 1 for sand, 2 for clay, and others are 

calculated by considering percentage of soil type (sand, clay) up to the pile tip.  
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Table 5 - 1 Training data set (BPNN) 

No.
Soil

Type

Pile

Type

Diameter

(in)

Length

(ft)

Period

(days)

Effective

stress

(ksf)

QEOD

(kips)

QBOR

(kips)

Increased

Q BOR

Increased

Q BOR by

BPNN

References

1 1.00 Pipe Pile 32.0 41.0 0.083 2.36 615.2 710.2 95.0 95.4 NC DOT(Unpublished)
2 1.61 Pipe Pile 12.8 136.4 69.0 7.02 438.0 700.0 262.0 261.8 Komurka(2004) 
3 1.62 Pipe Pile 12.8 130.0 69.0 6.69 421.0 826.0 405.0 402.4 Komurka(2004) 
4 1.61 Pipe Pile 12.8 131.0 69.0 6.74 352.0 677.0 325.0 331.2 Komurka(2004) 
5 1.63 Pipe Pile 12.8 115.7 70.0 5.94 199.0 773.0 574.0 572.7 Komurka(2004) 
6 2.00 Pipe Pile 7.6 55.8 1.33 2.65 224.8 245.1 20.2 25.3 Samson.L.and Authier.J.(1986)
7 1.33 Pipe Pile 24.0 62.6 0.67 3.44 651.0 812.0 161.0 160.7 Antorena.J.M. and McDaniel.T.G(1995)b
8 1.18 Pipe Pile 24.0 71.3 0.5 3.98 520.0 677.0 157.0 157.0 Antorena.J.M. and McDaniel.T.G(1995)b
9 1.20 Pipe Pile 24.0 67.4 16.67 3.75 295.0 487.0 192.0 192.3 Antorena.J.M. and McDaniel.T.G(1995)b

10 1.32 Pipe Pile 24.0 111.0 1.0 6.04 224.0 600.0 376.0 375.8 Holloway.D.M. and Beddard.D.L.(1995)
11 1.35 Pipe Pile 42.0 99.0 1.0 5.35 644.0 967.0 323.0 321.8 Holloway.D.M. and Beddard.D.L.(1995)
12 1.35 Pipe Pile 42.0 99.0 79.0 5.35 644.0 1750.0 1106.0 1106.7 Holloway.D.M. and Beddard.D.L.(1995)
13 1.35 Pipe Pile 42.0 100.0 1.0 5.41 488.0 671.0 183.0 184.8 Holloway.D.M. and Beddard.D.L.(1995)
14 1.62 Pipe Pile 24.0 95.1 1.0 4.88 528.3 1360.2 831.9 833.1 Dover.A.R.and Howard.Jr.R.(2002)
15 1.62 Pipe Pile 24.0 95.1 8.0 4.88 528.3 1686.2 1157.9 1139.6 Dover.A.R.and Howard.Jr.R.(2002)
16 1.64 Pipe Pile 24.0 82.0 1.0 4.21 292.3 944.2 652.0 651.2 Dover.A.R.and Howard.Jr.R.(2002)
17 1.63 Pipe Pile 24.0 88.6 1.0 4.55 314.7 764.4 449.6 449.0 Dover.A.R.and Howard.Jr.R.(2002)
18 1.64 Pipe Pile 24.0 79.1 1.0 4.06 404.7 696.9 292.3 293.7 Dover.A.R.and Howard.Jr.R.(2002)
19 1.64 Pipe Pile 24.0 79.1 8.0 4.06 404.7 1011.7 607.0 607.5 Dover.A.R.and Howard.Jr.R.(2002)
20 1.61 Pipe Pile 24.0 101.0 1.0 5.19 472.1 1101.6 629.5 629.6 Dover.A.R.and Howard.Jr.R.(2002)
21 1.63 Pipe Pile 24.0 90.9 1.0 4.67 269.8 607.0 337.2 336.9 Dover.A.R.and Howard.Jr.R.(2002)
22 1.63 Pipe Pile 24.0 90.9 8.0 4.67 269.8 876.8 607.0 607.5 Dover.A.R.and Howard.Jr.R.(2002)
23 1.20 Pipe Pile 12.7 82.0 7.0 4.56 152.9 276.5 123.7 123.5 Prelim.M.J.et.al. (1989)
24 2.00 Pipe Pile 16.0 42.0 5.0 2.21 365.8 406.0 40.2 25.5 Chambers.W.G. and Klingberg.D.J.(2000)
25 1.00 Conc' Pile 18.0 48.5 0.083 2.79 230.0 389.0 159.0 157.6 NC DOT(Unpublished)
26 1.00 Conc' Pile 16.0 55.6 0.083 3.20 290.0 361.6 71.6 66.3 NC DOT(Unpublished)
27 1.00 Conc' Pile 18.0 49.0 0.083 2.82 229.7 389.0 159.3 162.3 NC DOT(Unpublished)
28 1.00 Conc' Pile 18.0 84.0 3.0 4.84 958.0 983.0 25.0 43.1 Antorena.J.M.and McDaniel.G.T.(1995)a
29 1.00 Conc' Pile 18.0 64.6 2.0 3.72 205.3 257.4 52.2 44.8 Svinkin.M.R.(1995)
30 1.00 Conc' Pile 18.0 65.6 11.0 3.78 205.3 382.6 177.4 181.8 Svinkin.M.R.(1995)
31 1.00 Conc' Pile 18.0 75.1 11.0 4.33 428.7 599.8 171.1 165.6 Svinkin.M.R.(1995)
32 1.00 Conc' Pile 24.0 64.0 10.0 3.68 340.2 587.9 247.8 249.0 Svinkin.M.R.(1995)
33 1.00 Conc' Pile 24.0 75.1 2.0 4.33 447.3 605.0 157.7 154.6 Svinkin.M.R.(1995)
34 1.00 Conc' Pile 36.0 73.2 6.0 4.21 663.0 948.2 285.2 284.5 Svinkin.M.R.(1995)
35 1.20 Conc' Pile 30.0 65.0 2.0 3.62 1090.4 1635.6 545.2 545.1 Hussein.M.H.et.al.(2002)
36 2.00 Conc' Pile 24.0 80.1 1.0 3.81 60.0 205.0 145.0 145.0 Svinkin.M.R.et.al. (1994)
37 2.00 Conc' Pile 24.0 80.1 18.0 3.81 60.0 375.9 315.9 315.3 Svinkin.M.R.et.al. (1994)
38 2.00 Conc' Pile 30.0 80.1 1.0 3.81 45.0 200.1 155.1 178.7 Svinkin.M.R.et.al. (1994)
39 2.00 Conc' Pile 30.0 80.1 4.0 3.81 45.0 292.0 247.1 228.8 Svinkin.M.R.et.al. (1994)
40 2.00 Conc' Pile 30.0 80.1 18.0 3.81 45.0 359.9 315.0 335.2 Svinkin.M.R.et.al. (1994)
41 2.00 Conc' Pile 30.0 80.1 1.0 3.81 58.9 214.0 155.1 178.7 Svinkin.M.R.et.al. (1994)
42 2.00 Conc' Pile 30.0 80.1 4.0 3.81 58.9 315.0 256.1 228.8 Svinkin.M.R.et.al. (1994)
43 2.00 Conc' Pile 30.0 80.1 20.0 3.81 58.9 393.0 334.1 320.0 Svinkin.M.R.et.al. (1994)
44 2.00 Conc' Pile 18.0 64.6 2.0 3.72 205.3 257.4 52.2 53.0 Svinkin.M.R.et.al. (1994)
45 2.00 Conc' Pile 18.0 75.1 2.0 4.33 428.7 489.2 60.5 54.0 Svinkin.M.R.et.al. (1994)
46 2.00 Conc' Pile 18.0 75.1 11.0 4.33 428.7 599.8 171.1 173.0 Svinkin.M.R.et.al. (1994)
47 2.00 Conc' Pile 24.0 75.1 2.0 4.33 446.5 605.0 158.5 158.8 Svinkin.M.R.et.al. (1994)
48 2.00 Conc' Pile 36.0 73.2 6.0 4.21 505.6 946.5 440.9 441.0 Svinkin.M.R.et.al. (1994)
49 2.00 Conc' Pile 9.3 62.3 0.04 3.59 125.9 158.0 32.1 59.3 Axelsson.G.(1998)
50 2.00 Conc' Pile 9.3 62.3 1.0 3.59 125.9 200.1 74.2 68.7 Axelsson.G.(1998)
51 2.00 Conc' Pile 9.3 62.3 6.0 3.59 125.9 280.4 154.5 146.0 Axelsson.G.(1998)
52 2.00 Conc' Pile 9.3 62.3 143.0 3.59 125.9 324.0 198.1 228.4 Axelsson.G.(1998)
53 2.00 Conc' Pile 9.3 62.3 0.028 3.59 125.9 152.4 26.5 59.1 Axelsson.G.(1998)
54 2.00 Conc' Pile 9.3 62.3 1.0 3.59 125.9 226.2 100.3 68.7 Axelsson.G.(1998)
55 2.00 Conc' Pile 9.3 62.3 37.0 3.59 125.9 377.0 251.1 250.8 Axelsson.G.(1998)
56 2.00 Conc' Pile 9.3 62.3 143.0 3.59 125.9 384.4 258.5 228.4 Axelsson.G.(1998)
57 2.00 Conc' Pile 9.3 62.3 216.0 3.59 125.9 398.8 272.9 273.1 Axelsson.G.(1998)
58 1.48 Conc' Pile 9.8 68.9 52.0 3.64 134.9 300.1 165.2 164.6 Skov.R. and Denver.H.(1988)
59 1.48 Conc' Pile 9.8 68.9 114.0 3.64 134.9 337.7 202.8 202.8 Skov.R. and Denver.H.(1988)
60 1.48 Conc' Pile 9.8 68.9 184.0 3.64 134.9 353.4 218.5 218.1 Skov.R. and Denver.H.(1988)
61 1.85 Conc' Pile 9.8 62.3 1.0 3.06 57.3 173.1 115.8 116.6 Skov.R. and Denver.H.(1988)
62 1.85 Conc' Pile 9.8 62.3 48.0 3.06 57.3 323.7 266.4 267.0 Skov.R. and Denver.H.(1988)
63 1.11 Conc' Pile 14.0 88.6 7.0 5.00 255.2 519.3 264.2 263.6 Prelim.M.J.et.al. (1989)
64 2.00 Conc' Pile 10.8 39.4 3.0 1.87 433.0 589.9 156.9 156.8 Chambers.W.G. and Klingberg.D.J.(2000)  
65 1.00 H-Pile 12.0 155.0 2.0 8.93 110.0 270.0 160.0 151.8 Fellenius B.H.et.al(1989)
66 1.00 H-Pile 12.0 155.0 16.0 8.93 110.0 450.0 340.0 343.8 Fellenius B.H.et.al(1989)
67 1.00 H-Pile 12.0 155.0 1.0 8.93 146.0 272.0 126.0 140.3 Fellenius B.H.et.al(1989)
68 1.00 H-Pile 12.0 155.0 9.0 8.93 146.0 400.0 254.0 244.6 Fellenius B.H.et.al(1989)
69 1.00 H-Pile 12.0 45.9 2.0 2.65 75.3 100.0 24.7 26.2 Samson.L.and Authier.J.(1986)
70 1.53 H-Pile 12.0 50.0 21.0 2.62 240.1 515.1 275.0 277.1 Long.J.H.et.al.(2002)
71 2.00 H-Pile 12.0 154.9 2.0 7.37 109.9 270.0 160.1 162.2 Svinkin.M.R.et.al. (1994)
72 2.00 H-Pile 12.0 154.9 16.0 7.37 109.9 450.1 340.2 344.4 Svinkin.M.R.et.al. (1994)
73 2.00 H-Pile 12.0 154.9 132.0 7.37 109.9 515.1 405.2 415.0 Svinkin.M.R.et.al. (1994)  
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Table 5 - 2 Testing data set (BPNN) 

No.
Soil

Type

Pile

Type

Diameter

(in)

Length

(ft)

Period

(days)

Effective

stress

(ksf)

QEOD

(kips)

QBOR

(kips)

Increased

Q BOR

Increased

Q BOR by

BPNN

References

1 1.61 Pipe Pile 12.8 135.1 69.0 6.96 422.0 762.0 340.0 234.7 Komurka(2004) 
2 1.63 Pipe Pile 12.8 115.3 0.7 5.91 199.0 468.0 269.0 76.4 Komurka(2004) 
3 1.18 Pipe Pile 24.0 71.3 15.0 3.98 520.0 700.0 180.0 131.0 Antorena.J.M. and McDaniel.T.G(1995)b
4 1.35 Pipe Pile 42.0 99.0 7.0 5.35 644.0 1178.0 534.0 578.5 Holloway.D.M. and Beddard.D.L.(1995)
5 1.00 Pipe Pile 16.1 110.6 0.83 6.37 656.0 724.0 68.0 36.1 Diyaljee.V.and Parti.M.(2002)
6 1.64 Pipe Pile 24.0 82.0 8.0 4.21 292.3 1308.5 1016.2 1009.9 Dover.A.R.and Howard.Jr.R.(2002)
7 1.61 Pipe Pile 24.0 101.0 8.0 5.19 472.1 1304.0 831.8 1134.1 Dover.A.R.and Howard.Jr.R.(2002)
8 1.00 Conc' Pile 18.0 85.0 4.0 4.90 912.0 939.0 27.0 49.2 Antorena.J.M.and McDaniel.G.T.(1995)a
9 1.00 Conc' Pile 18.0 77.0 6.0 4.44 816.0 954.0 138.0 55.5 Antorena.J.M.and McDaniel.G.T.(1995)a

10 1.00 Conc' Pile 18.0 75.1 2.0 4.33 428.7 489.2 60.5 36.1 Svinkin.M.R.(1995)
11 1.00 Conc' Pile 24.0 75.1 11.0 4.33 447.3 813.2 365.9 255.9 Svinkin.M.R.(1995)
12 2.00 Conc' Pile 24.0 80.1 10.0 3.81 60.0 344.0 283.9 281.5 Svinkin.M.R.et.al. (1994)
13 2.00 Conc' Pile 30.0 80.1 9.0 3.81 45.0 341.1 296.1 303.2 Svinkin.M.R.et.al. (1994)
14 2.00 Conc' Pile 30.0 80.1 11.0 3.81 58.9 357.0 298.1 324.0 Svinkin.M.R.et.al. (1994)
15 2.00 Conc' Pile 18.0 64.6 11.0 3.72 205.3 382.6 177.4 102.6 Svinkin.M.R.et.al. (1994)
16 2.00 Conc' Pile 24.0 64.0 10.0 3.69 340.2 587.9 247.8 230.0 Svinkin.M.R.et.al. (1994)
17 2.00 Conc' Pile 24.0 75.1 11.0 4.33 446.5 813.2 366.7 369.6 Svinkin.M.R.et.al. (1994)
18 2.00 Conc' Pile 9.3 62.3 37.0 3.59 125.9 304.2 178.3 250.8 Axelsson.G.(1998)
19 2.00 Conc' Pile 9.3 62.3 6.0 3.59 125.9 315.2 189.3 146.0 Axelsson.G.(1998)
20 1.85 Conc' Pile 9.8 62.3 8.0 3.06 57.3 285.5 228.2 174.1 Skov.R. and Denver.H.(1988)
21 1.00 H-Pile 12.0 155.0 7.0 8.93 110.0 340.0 230.0 216.5 Fellenius B.H.et.al(1989)
22 1.53 H-Pile 12.0 50.0 7.0 2.62 240.1 284.0 43.9 33.2 Long.J.H.et.al.(2002)
23 2.00 H-Pile 12.0 154.9 7.0 7.37 109.9 339.9 230.0 221.5 Svinkin.M.R.et.al. (1994)  

 

5.4.3 Modeling and Results 

Training and Testing results 

A comparison between the predictions from the neural network model and those 

from field tests and CAPWAP analyses is shown for both training and testing data set in 

Figure 5-10.  
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Figure 5 - 10 Predictions for Training and Testing Data Set 
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Table 5-3 presents the chosen values of „learning factors‟ to get the best performance 

of network in terms of the highest coefficient of correlation R
2
. After initial weights with the 

range of -5.60 to 6.31 were presented to the network, the network was trained continually 

through updating weights until error goal was 10
-4

 and the number of hidden nodes was 9 

with the two hidden layers.  

 

Table 5 - 3 Learning factors at the highest R
2
 of test data set 

Initial weights 

No. of  

Hidden 

nodes 

Error goal Epoch 
Correlation R

2
 

Training Testing 

-6.6~5.28 7 1 / 10
6
 125 0.8231 0.8042 

-6.9~5.09 8 1 / 10
5
 12 0.8962 0.8446 

-5.60~6.31 9 1 / 10
4
 90 0.9974 0.9189 

-3.99~5.63 10 1 / 10
3
 191 0.9159 0.8579 

 

Ultimate pile capacity (QBOR) predictions at beginning of restrike were made through 

the sum of pile capacity (QEOD) at end of drive and increased pile capacity ( QBOR) predicted 

by BPNN. BPNN predictions in Figure 5-11 and Figure 5-12 show much smaller scatter as 

compared to those in the prediction by conventional empirical methods. The results of this 

study indicate that the neural network model provides better predictions than those by the 

conventional empirical methods currently used in practice.  
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Figure 5 - 11 Comparison of predicted and measured values for Training Data Set 
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Figure 5 - 12 Comparison of predicted and measured values for Testing Data Set 
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The correlation coefficients and root mean square errors of predicted versus 

measured results are summarized in Table 5-4. As shown in Table 5-4, the BPNN model 

produced much higher R
2
values, and much lower root mean square errors, RMSE, compared 

with the other methods. These results indicate that the BPNN predictions are more accurate 

than the other four empirical methods.  

 

Table 5 - 4 Summary of Correlation R
2
 and RMSE (BPNN) 

Type 
Correlation R

2
 RMSE 

Training Testing Training Testing 

BPNN 0.9994 0.9414 11.2 89.0 

Skin and Denver(1988) 0.3089 0.3644 275.7 286.5 

Svinkin(1996)* 0.4544 0.4490 247.7 279.5 

Long.et.al(1999) 0.5497 0.4849 230.4 262.4 

Svinkin and Skov(2000) 0.5993 0.5630 215.5 242.1 

 * Average values between upper and lower bound 

 

Relative Importance of variables 

Table 5-5 shows the relative importance through the weights of each layer 

connections. The relative importance of the various input factors can be assessed by 

examining input-hidden-hidden-output layer connection weights. This is carried out by 

partitioning the hidden-output connection weights into components connected with each 

input neuron. It is shown that all the selected variables have significant influence, and time 

and pile diameter have relatively larger influence on the prediction.  

 

Table 5 - 5 Relative Importance with respect to input variables 

 
Soil 

type 

Pile 

type 

Pile 

Diameter 

(in) 

Pile 

Length 

(ft) 

Time after 

EOD 

(days) 

Effective stress  

at tip 

(ksf) 

Relative 

Importance 

(%) 

12.26 12.7 20.62 16.88 21.09 16.45 
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Parametric study 

The effect of each parameter on the increased pile capacity ( QBOR) is investigated 

by varying only one input while keeping others at their average values. The basic approach is 

to vary only one variable while the remaining variables are assigned to the average value of 

data. Figure 5-13 through Figure 5-18 show predicted values of the increased pile capacity 

( QBOR) at beginning of restrike as a function of each parameter. Figure 5-14 shows the setup 

for concrete piles is larger than those in steel piles, and pipe piles are higher than H-piles. 

Figure 5-15 shows QBOR increases as pile diameter increases. The influence of other 

variables also appears to be reasonable. These are consistent with the findings of other 

studies (York et.al(1994), Komurka et.al(2003), and Diyaljee et.al(2002)). 

 

 

Figure 5 - 13 Parametric study:  ΔQBOR vs Soil type 
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Figure 5 - 14 Parametric study: ΔQBOR vs Pile type 
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Figure 5 - 15 Parametric study: ΔQBOR vs Pile diameter 
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Figure 5 - 16 Parametric study: ΔQBOR vs Pile length 
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Figure 5 - 17 Parametric study: ΔQBOR vs Time after EOD 
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Figure 5 - 18 Parametric study: ΔQBOR vs Effective stress at pile tip 

 

5.4.4 A GUI of BPNN program  

Figure 5-19 presents MATLAB GUI which consists of input information, comparison 

results, and prediction. Generally there are input spaces (blanks) in the left hand side such as 

project title, soil type, pile type, embedded length, pile diameter, time after EOD, and 

effective stress at pile tip. In the right hand side outputs are composed. First, one of two 

different unit systems (English and SI unit) is chosen, and then results for both training and 

testing are plotted and compared. Finally, pile capacity increase by setup ( QBOR) is 

predicted.  
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Figure 5 - 19 GUI for BPNN model: Pile Setup 
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5.5 ANFIS for the Prediction of Pile Setup 

5.5.1 Introduction 

 An adaptive neuro-fuzzy inference system model is developed to predict ultimate pile 

capacity increase by setup. In the developed ANFIS, six variables consisting of soil type, 

roughness volume of pile shaft, pile diameter, embedded pile length, time after EOD, and 

effective stress at pile tip are selected as input variables to evaluate increase pile setup, which 

is the target variable. Types and numbers of MF (Membership Function) to each input 

variable are appropriately decided when testing data set has the highest correlation R
2
. Pile 

setup predictions are made using ANFIS as well as commonly used empirical methods, and 

they were also compared with actual measurements. The other methods are those proposed 

by Skov and Denver(1986), Svkinkin(1996), Long.et.al(1999), and Svinkin and Skov(2000)). 

The results of this study indicate that ANFIS provides a better prediction and can serve as a 

reliable and tool for the prediction of ultimate capacity of pile by setup.  

 

5.5.2 Database 

The training and testing of the network were based on a database of 96 CAPWAP 

driven piles test data extracted from the literature reviews. Six variables are selected as input 

to the developed ANFIS. These variables are: i) soil type, ii) roughness factor of pile iii) pile 

diameter, iv) embedded pile length, v) time after EOD, vi) effective stress at pile tip. Setup is 

much affected by soil type. Effective stress changing with time also has a significant role on 

the evaluation of pile capacity. The pile length and pile diameter affect setup influence zone. 

Also significance of setup by pile type is attributed to a soil/pile interface coefficient of 

friction. The coefficient of friction is influenced by roughness of pile material (Uesugi and 

Kishida, 1986). 

Training and testing data set including their predictions are presented in Table 5-6 

and Table 5-7 respectively. The total 96 data were split at random into two groups: the first 

group of 73 data is used as training set (Table 5-6), and the remaining 23 data (about 24 % of 

the data) are used for testing data set (Table 5-7). The values associated with soil type are 

chosen as: 1 for sand, 2 for clay, others are calculated by considering percentage of soil type 

(sand, clay) up to the pile tip. Roughness volumes are estimated by multiplying typical 

roughness values to pile type by pile shaft area (Pando et.al, 2006 and Iscimen, 2004). 
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Table 5 - 6 Training data set (ANFIS) 

No.
Soil 

Type

Pile 

Type

Diameter 

(in)

Roughness 

volume of pile 

shaft  (in^3)

Length 

(ft)

Period 

(days)

Effective 

stress 

(ksf)

QEOD 

(kips)

QBOR 

(kips)

Increased 

Q BOR

Increased 

Q BOR by 

ANFIS

References

1 1.00 Pipe Pile 32.0 11.1 41.0 0.083 2.36 615.2 710.2 95.0 95.0 NC DOT(Unpublished)
2 1.61 Pipe Pile 12.8 14.7 136.4 69.0 7.02 438.0 700.0 262.0 262.0 Komurka(2004) 
3 1.62 Pipe Pile 12.8 14.0 130.0 69.0 6.69 421.0 826.0 405.0 399.3 Komurka(2004) 
4 1.61 Pipe Pile 12.8 14.1 131.0 69.0 6.74 352.0 677.0 325.0 330.3 Komurka(2004) 
5 1.63 Pipe Pile 12.8 12.5 115.7 70.0 5.94 199.0 773.0 574.0 574.4 Komurka(2004) 
6 2.00 Pipe Pile 7.6 3.6 55.8 1.33 2.65 224.8 245.1 20.2 20.2 Samson.L.and Authier.J.(1986)
7 1.33 Pipe Pile 24.0 12.7 62.6 0.67 3.44 651.0 812.0 161.0 161.0 Antorena.J.M. and McDaniel.T.G(1995)b
8 1.18 Pipe Pile 24.0 14.5 71.3 0.5 3.98 520.0 677.0 157.0 157.1 Antorena.J.M. and McDaniel.T.G(1995)b
9 1.20 Pipe Pile 24.0 13.7 67.4 16.67 3.75 295.0 487.0 192.0 191.9 Antorena.J.M. and McDaniel.T.G(1995)b

10 1.32 Pipe Pile 24.0 22.5 111.0 1.0 6.04 224.0 600.0 376.0 376.0 Holloway.D.M. and Beddard.D.L.(1995)
11 1.35 Pipe Pile 42.0 35.2 99.0 1.0 5.35 644.0 967.0 323.0 322.9 Holloway.D.M. and Beddard.D.L.(1995)
12 1.35 Pipe Pile 42.0 35.2 99.0 79.0 5.35 644.0 1750.0 1106.0 1106.0 Holloway.D.M. and Beddard.D.L.(1995)
13 1.35 Pipe Pile 42.0 35.5 100.0 1.0 5.41 488.0 671.0 183.0 183.1 Holloway.D.M. and Beddard.D.L.(1995)
14 1.62 Pipe Pile 24.0 19.3 95.1 1.0 4.88 528.3 1360.2 831.9 828.3 Dover.A.R.and Howard.Jr.R.(2002)
15 1.62 Pipe Pile 24.0 19.3 95.1 8.0 4.88 528.3 1686.2 1157.9 1103.6 Dover.A.R.and Howard.Jr.R.(2002)
16 1.64 Pipe Pile 24.0 16.7 82.0 1.0 4.21 292.3 944.2 652.0 671.7 Dover.A.R.and Howard.Jr.R.(2002)
17 1.63 Pipe Pile 24.0 18.0 88.6 1.0 4.55 314.7 764.4 449.6 338.9 Dover.A.R.and Howard.Jr.R.(2002)
18 1.64 Pipe Pile 24.0 16.1 79.1 1.0 4.06 404.7 696.9 292.3 302.2 Dover.A.R.and Howard.Jr.R.(2002)
19 1.64 Pipe Pile 24.0 16.1 79.1 8.0 4.06 404.7 1011.7 607.0 590.5 Dover.A.R.and Howard.Jr.R.(2002)
20 1.61 Pipe Pile 24.0 20.5 101.0 1.0 5.19 472.1 1101.6 629.5 638.1 Dover.A.R.and Howard.Jr.R.(2002)
21 1.63 Pipe Pile 24.0 18.5 90.9 1.0 4.67 269.8 607.0 337.2 415.3 Dover.A.R.and Howard.Jr.R.(2002)
22 1.63 Pipe Pile 24.0 18.5 90.9 8.0 4.67 269.8 876.8 607.0 675.7 Dover.A.R.and Howard.Jr.R.(2002)
23 1.20 Pipe Pile 12.7 8.8 82.0 7.0 4.56 152.9 276.5 123.7 123.7 Prelim.M.J.et.al. (1989)
24 2.00 Pipe Pile 16.0 5.7 42.0 5.0 2.21 365.8 406.0 40.2 40.2 Chambers.W.G. and Klingberg.D.J.(2000)
25 1.00 Conc' Pile 18.0 46.2 48.5 0.083 2.79 230.0 389.0 159.0 160.0 NC DOT(Unpublished)
26 1.00 Conc' Pile 16.0 47.1 55.6 0.083 3.20 290.0 361.6 71.6 71.6 NC DOT(Unpublished)
27 1.00 Conc' Pile 18.0 46.7 49.0 0.083 2.82 229.7 389.0 159.3 158.1 NC DOT(Unpublished)
28 1.00 Conc' Pile 18.0 80.0 84.0 3.0 4.84 958.0 983.0 25.0 25.1 Antorena.J.M.and McDaniel.G.T.(1995)a
29 1.00 Conc' Pile 18.0 61.5 64.6 2.0 3.72 205.3 257.4 52.2 52.4 Svinkin.M.R.(1995)
30 1.00 Conc' Pile 18.0 62.5 65.6 11.0 3.78 205.3 382.6 177.4 177.5 Svinkin.M.R.(1995)
31 1.00 Conc' Pile 18.0 71.5 75.1 11.0 4.33 428.7 599.8 171.1 170.8 Svinkin.M.R.(1995)
32 1.00 Conc' Pile 24.0 81.2 64.0 10.0 3.68 340.2 587.9 247.8 247.8 Svinkin.M.R.(1995)
33 1.00 Conc' Pile 24.0 95.4 75.1 2.0 4.33 447.3 605.0 157.7 157.7 Svinkin.M.R.(1995)
34 1.00 Conc' Pile 36.0 139.4 73.2 6.0 4.21 663.0 948.2 285.2 285.2 Svinkin.M.R.(1995)
35 1.20 Conc' Pile 30.0 103.1 65.0 2.0 3.62 1090.4 1635.6 545.2 545.2 Hussein.M.H.et.al.(2002)
36 2.00 Conc' Pile 24.0 101.7 80.1 1.0 3.81 60.0 205.0 145.0 145.1 Svinkin.M.R.et.al. (1994)
37 2.00 Conc' Pile 24.0 101.7 80.1 18.0 3.81 60.0 375.9 315.9 315.8 Svinkin.M.R.et.al. (1994)
38 2.00 Conc' Pile 30.0 127.1 80.1 1.0 3.81 45.0 200.1 155.1 173.8 Svinkin.M.R.et.al. (1994)
39 2.00 Conc' Pile 30.0 127.1 80.1 4.0 3.81 45.0 292.0 247.1 227.7 Svinkin.M.R.et.al. (1994)
40 2.00 Conc' Pile 30.0 127.1 80.1 18.0 3.81 45.0 359.9 315.0 342.8 Svinkin.M.R.et.al. (1994)
41 2.00 Conc' Pile 30.0 127.1 80.1 1.0 3.81 58.9 214.0 155.1 173.8 Svinkin.M.R.et.al. (1994)
42 2.00 Conc' Pile 30.0 127.1 80.1 4.0 3.81 58.9 315.0 256.1 227.7 Svinkin.M.R.et.al. (1994)
43 2.00 Conc' Pile 30.0 127.1 80.1 20.0 3.81 58.9 393.0 334.1 316.7 Svinkin.M.R.et.al. (1994)
44 2.00 Conc' Pile 18.0 61.5 64.6 2.0 3.72 205.3 257.4 52.2 52.2 Svinkin.M.R.et.al. (1994)
45 2.00 Conc' Pile 18.0 71.5 75.1 2.0 4.33 428.7 489.2 60.5 60.5 Svinkin.M.R.et.al. (1994)
46 2.00 Conc' Pile 18.0 71.5 75.1 11.0 4.33 428.7 599.8 171.1 171.1 Svinkin.M.R.et.al. (1994)
47 2.00 Conc' Pile 24.0 95.5 75.1 2.0 4.33 446.5 605.0 158.5 158.5 Svinkin.M.R.et.al. (1994)
48 2.00 Conc' Pile 36.0 139.5 73.2 6.0 4.21 505.6 946.5 440.9 440.9 Svinkin.M.R.et.al. (1994)
49 2.00 Conc' Pile 9.3 30.5 62.3 0.04 3.59 125.9 158.0 32.1 48.9 Axelsson.G.(1998)
50 2.00 Conc' Pile 9.3 30.5 62.3 1.0 3.59 125.9 200.1 74.2 66.4 Axelsson.G.(1998)
51 2.00 Conc' Pile 9.3 30.5 62.3 6.0 3.59 125.9 280.4 154.5 156.2 Axelsson.G.(1998)
52 2.00 Conc' Pile 9.3 30.5 62.3 143.0 3.59 125.9 324.0 198.1 228.3 Axelsson.G.(1998)
53 2.00 Conc' Pile 9.3 30.5 62.3 0.028 3.59 125.9 152.4 26.5 48.7 Axelsson.G.(1998)
54 2.00 Conc' Pile 9.3 30.5 62.3 1.0 3.59 125.9 226.2 100.3 66.4 Axelsson.G.(1998)
55 2.00 Conc' Pile 9.3 30.5 62.3 37.0 3.59 125.9 377.0 251.1 252.2 Axelsson.G.(1998)
56 2.00 Conc' Pile 9.3 30.5 62.3 143.0 3.59 125.9 384.4 258.5 228.3 Axelsson.G.(1998)
57 2.00 Conc' Pile 9.3 30.5 62.3 216.0 3.59 125.9 398.8 272.9 272.9 Axelsson.G.(1998)
58 1.48 Conc' Pile 9.8 35.9 68.9 52.0 3.64 134.9 300.1 165.2 165.2 Skov.R. and Denver.H.(1988)
59 1.48 Conc' Pile 9.8 35.9 68.9 114.0 3.64 134.9 337.7 202.8 202.8 Skov.R. and Denver.H.(1988)
60 1.48 Conc' Pile 9.8 35.9 68.9 184.0 3.64 134.9 353.4 218.5 218.5 Skov.R. and Denver.H.(1988)
61 1.85 Conc' Pile 9.8 32.5 62.3 1.0 3.06 57.3 173.1 115.8 116.0 Skov.R. and Denver.H.(1988)
62 1.85 Conc' Pile 9.8 32.5 62.3 48.0 3.06 57.3 323.7 266.4 266.1 Skov.R. and Denver.H.(1988)
63 1.11 Conc' Pile 14.0 65.5 88.6 7.0 5.00 255.2 519.3 264.2 264.2 Prelim.M.J.et.al. (1989)
64 2.00 Conc' Pile 10.8 22.6 39.4 3.0 1.87 433.0 589.9 156.9 156.9 Chambers.W.G. and Klingberg.D.J.(2000)  
65 1.00 H-Pile 12.0 29.1 155.0 2.0 8.93 110.0 270.0 160.0 150.7 Fellenius B.H.et.al(1989)
66 1.00 H-Pile 12.0 29.1 155.0 16.0 8.93 110.0 450.0 340.0 342.1 Fellenius B.H.et.al(1989)
67 1.00 H-Pile 12.0 29.1 155.0 1.0 8.93 146.0 272.0 126.0 136.0 Fellenius B.H.et.al(1989)
68 1.00 H-Pile 12.0 29.1 155.0 9.0 8.93 146.0 400.0 254.0 251.1 Fellenius B.H.et.al(1989)
69 1.00 H-Pile 12.0 8.6 45.9 2.0 2.65 75.3 100.0 24.7 24.7 Samson.L.and Authier.J.(1986)
70 1.53 H-Pile 12.0 9.4 50.0 21.0 2.62 240.1 515.1 275.0 275.0 Long.J.H.et.al.(2002)
71 2.00 H-Pile 12.0 29.0 154.9 2.0 7.37 109.9 270.0 160.1 160.0 Svinkin.M.R.et.al. (1994)
72 2.00 H-Pile 12.0 29.0 154.9 16.0 7.37 109.9 450.1 340.2 340.3 Svinkin.M.R.et.al. (1994)
73 2.00 H-Pile 12.0 29.0 154.9 132.0 7.37 109.9 515.1 405.2 405.2 Svinkin.M.R.et.al. (1994)  
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Table 5 - 7 Testing data set (ANFIS) 

No.
Soil 

Type

Pile 

Type

Diameter 

(in)

Roughness 

volume of pile 

shaft  (in^3)

Length 

(ft)

Period 

(days)

Effective 

stress 

(ksf)

QEOD 

(kips)

QBOR 

(kips)

Increased 

Q BOR

Increased 

Q BOR by 

ANFIS

References

1 1.61 Pipe Pile 12.8 14.6 135.1 69.0 6.96 422.0 762.0 340.0 275.0 Komurka(2004) 
2 1.63 Pipe Pile 12.8 12.4 115.3 0.7 5.91 199.0 468.0 269.0 274.6 Komurka(2004) 
3 1.18 Pipe Pile 24.0 14.5 71.3 15.0 3.98 520.0 700.0 180.0 234.7 Antorena.J.M. and McDaniel.T.G(1995)b
4 1.35 Pipe Pile 42.0 35.2 99.0 7.0 5.35 644.0 1178.0 534.0 323.8 Holloway.D.M. and Beddard.D.L.(1995)
5 1.00 Pipe Pile 16.1 15.1 110.6 0.83 6.37 656.0 724.0 68.0 68.0 Diyaljee.V.and Parti.M.(2002)
6 1.64 Pipe Pile 24.0 16.6 82.0 8.0 4.21 292.3 1308.5 1016.2 960.6 Dover.A.R.and Howard.Jr.R.(2002)
7 1.61 Pipe Pile 24.0 20.5 101.0 8.0 5.19 472.1 1304.0 831.8 963.3 Dover.A.R.and Howard.Jr.R.(2002)
8 1.00 Conc' Pile 18.0 81.0 85.0 4.0 4.90 912.0 939.0 27.0 16.1 Antorena.J.M.and McDaniel.G.T.(1995)a
9 1.00 Conc' Pile 18.0 73.3 77.0 6.0 4.44 816.0 954.0 138.0 107.2 Antorena.J.M.and McDaniel.G.T.(1995)a

10 1.00 Conc' Pile 18.0 71.5 75.1 2.0 4.33 428.7 489.2 60.5 51.5 Svinkin.M.R.(1995)
11 1.00 Conc' Pile 24.0 95.4 75.1 11.0 4.33 447.3 813.2 365.9 246.7 Svinkin.M.R.(1995)
12 2.00 Conc' Pile 24.0 101.7 80.1 10.0 3.81 60.0 344.0 283.9 237.4 Svinkin.M.R.et.al. (1994)
13 2.00 Conc' Pile 30.0 127.1 80.1 9.0 3.81 45.0 341.1 296.1 303.9 Svinkin.M.R.et.al. (1994)
14 2.00 Conc' Pile 30.0 127.1 80.1 11.0 3.81 58.9 357.0 298.1 327.0 Svinkin.M.R.et.al. (1994)
15 2.00 Conc' Pile 18.0 61.5 64.6 11.0 3.72 205.3 382.6 177.4 175.7 Svinkin.M.R.et.al. (1994)
16 2.00 Conc' Pile 24.0 81.3 64.0 10.0 3.69 340.2 587.9 247.8 322.4 Svinkin.M.R.et.al. (1994)
17 2.00 Conc' Pile 24.0 95.5 75.1 11.0 4.33 446.5 813.2 366.7 251.6 Svinkin.M.R.et.al. (1994)
18 2.00 Conc' Pile 9.3 30.5 62.3 37.0 3.59 125.9 304.2 178.3 252.2 Axelsson.G.(1998)
19 2.00 Conc' Pile 9.3 30.5 62.3 6.0 3.59 125.9 315.2 189.3 156.2 Axelsson.G.(1998)
20 1.85 Conc' Pile 9.8 32.5 62.3 8.0 3.06 57.3 285.5 228.2 244.6 Skov.R. and Denver.H.(1988)
21 1.00 H-Pile 12.0 29.1 155.0 7.0 8.93 110.0 340.0 230.0 223.0 Fellenius B.H.et.al(1989)
22 1.53 H-Pile 12.0 9.4 50.0 7.0 2.62 240.1 284.0 43.9 89.7 Long.J.H.et.al.(2002)
23 2.00 H-Pile 12.0 29.0 154.9 7.0 7.37 109.9 339.9 230.0 224.7 Svinkin.M.R.et.al. (1994)  

 

5.5.3 Modeling and Results 

Membership Functions 

 For ANFIS analysis, types of MFs and number of MFs assigned to each input 

variables are decided by trial and error.  

Figures 5-20 through 5-31 show the initial and final MFs (Membership Functions) for 

all input variables: i) soil type – sigmoidal MF, ii) pile diameter – sigmoidal MF, iii) 

roughness volume of pile shaft – sigmoidal MF, iv) pile length – general bell MF, v) time 

after EOD – sigmoidal MF, vi) effective stress at pile tip - trapezoidal MF. It is observed that 

a big change in the training membership functions around the initial condition is accounted 

for by the membership functions moving toward the origin. In other words, the initial MFs 

show uniformly distributed MFs between 0 and 1, while the final MFs on input variables are 

not symmetric due to identifying the consequent parameters by the least squares method and 

updating the premise parameters by the gradient descent method. Most data in the database 

has membership grades between 0 and 1 for linguistic terms. 
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Soil type 

 

 

Figure 5 - 20 Initial MF: Soil type 

 

 

Figure 5 - 21 Final MF: Soil type 
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Pile diameter 

 

 

Figure 5 - 22 Initial MF: Pile diameter 

 

 

Figure 5 - 23 Final MF: Pile diameter 
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Roughness volume of pile shaft 

 

 

Figure 5 - 24 Initial MF: Roughness volume of pile shaft 

 

 

Figure 5 - 25 Final MF: Roughness volume of pile shaft 
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Pile length 

 

 

Figure 5 - 26 Initial MF: Pile length 

 

 

Figure 5 - 27 Final MF: Pile length 
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Time after EOD 

 

 

Figure 5 - 28 Initial MF: Time after EOD 

 

 

Figure 5 - 29 Final MF: Time after EOD 
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Effective stress at pile tip 

 

 

Figure 5 - 30 Initial MF: Effective stress at pile tip 

 

 

Figure 5 - 31 Final MF: Effective stress at pile tip 
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MFs type and number 

 Table 5-8 summarized membership functions to each input variable when the ANFIS 

model reaches an acceptable satisfactory level of error goal. Different types of linguistic 

terms for each input variable are dependent on different numbers of MFs to each input 

variable. 

 

Table 5 - 8 Summary of MFs to each input variable 

 Soil type 
Pile 

Diameter  

Roughness 

Volume of 

Pile shaft  

Embedded 

Pile 

Length 

Time after 

EOD  

Effective 

stress  

Type of 

MFs 
Dsigmoid* Dsigmoid Dsigmoid 

General 

Bell 
Dsigmoid Trapezoid 

Number 

of MFs 
2 4 3 2 3 2 

Linguistic 

terms 

Stiff 

Soft 

Very high 

Above med. 

Medium 

Below med. 

High  

Medium 

Low 

Long  

short 

Long 

Medium 

Short 

High 

Low 

*Asymmetric and closed membership functions synthesized using two sigmoidal functions 

 

The ANFIS used here contains 324 rules, with different numbers of membership 

functions assigned to each input variable. The total number of fitting parameters is 926, 

which is a summation of 62 premise (nonlinear) parameters and 864 consequent (linear) 

parameters: number of fuzzy rules (288 = 2*4*3*2*3*2), premise parameters (62 = 2*4 + 

4*4 + 3*4+ 2*3 + 3*4 + 2*4), and consequent parameters (864 = 288*3).  

 

Training and Testing Results 

A comparison between the predictions from ANFIS and measured ones from field 

tests and CAPWAP analyses is shown for both training and testing data set in Figure 5-32. 

Their results appear to be good enough to have more than 0.9 of correlation R
2
 even though 

there are a little bit scatters in the testing data points. The ultimate pile capacity (QBOR) 

predictions at beginning of restrike were made through the sum of pile capacity (QEOD) at the 

end of driving and the increased pile capacity (∆QBOR) predicted by ANFIS: QBOR = QEOD + 

∆QBOR.  
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ANFIS predictions in Figure 5-33 and Figure 5-34 show smaller scatter in the data 

points than the predictions of the conventional methods. The results of this study indicate that 

ANFIS is much better than the empirical methods when compared with actual measurements.  
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Figure 5 - 32 Predictions for Training and Testing Data Set 
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Figure 5 - 33 Comparison measured and predicted values for Training Data Set 
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Figure 5 - 34 Comparison measured and predicted values for Testing Data Set 

 

5.6 Comparison of Results  

Figure 5-35 shows the RMSE (Root Mean Square Error) curves for both the BPNN 

model and the ANFIS used for this study. ANFIS‟ performance stayed the same after 5 

epochs while BPNN seems to perform more effectively as shown in Figure 5-35. Also, the 

ANFIS did take much longer than BPNN since the hybrid learning rule involves more 

computation: ANFIS - 2min 36.33 seconds (up to 5 epochs) and BPNN - 3.37 seconds (up to 

90 epochs).  

Predictions by ANFIS in Figure 5-36 for training and Figure 5-37 for testing show 

similar results by BPNN and present smaller scatter in the data points than the predictions of 

the conventional methods. The results of this study indicate that ANFIS and BPNN are much 

better than the empirical methods when compared with actual measurements.  

Overall, for this study BPNN may be more efficient and desirable than ANFIS since 

BPNN model trains much faster and they provide similar predictions. However, ANFIS may 

be more desirable than BPNN in those cases where one or more of the input variables are 

desirable only in „fuzzy‟ terms.  
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Figure 5 - 35 RMSE curves for BPNN and ANFIS 
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Figure 5 - 36 Comparison measured and predicted values for Training Data Set 
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Figure 5 - 37 Comparison measured and predicted values for Testing Data Set 

 

In Table 5-9 the correlation R
2
 and root mean-squared error (RMSE) of predicted 

versus measured results are summarized. As shown in Table 5-9, even though ANFIS shows 

just a little better than BPNN, both ANFIS and BPNN produce a much higher correlation R
2
 

and a lower RMSE compared with the other methods. It is indicated that the ANFIS and 

BPNN predictions are more consistent than the other four empirical methods. The results of 

this study indicate that the ANFIS as well as BPNN provide better predictions and can serve 

as reliable and simple tools for the prediction of pile setup.  
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Table 5 - 9  Comparison Summary of Correlation R
2
 and RMSE 

Type 
Correlation R

2
 RMSE 

Training Testing Training Testing 

ANFIS 0.9977 0.9539 21.5 71.6 

BPNN 0.9994 0.9497 11.2 89.0 

Skin and Denver(1988) 0.3089 0.3644 275.7 286.5 

Svinkin(1996)* 0.4544 0.4490 247.7 279.5 

Long.et.al(1999) 0.5497 0.4849 230.4 262.4 

Svinkin and Skov(2000) 0.5993 0.5630 215.5 242.1 

 * Average values between upper and lower bound 

 

5.7 Conclusions 

In this study ANFIS (Adaptive Neuro Fuzzy Inference System) and a four layer 

BPNN (back-propagation neural network) model are developed to predict pile capacity 

increased by pile setup. A database of a number (96) of field tests is developed from the 

review of literature for the training and testing of model, and six variables are selected as 

input to both BPNN (back-propagation neural network) model and ANFIS model.  

In the developed neural network model, predictions of pile capacity increased by 

setup were made using back-propagation neural network as well as four empirical methods, 

and they were also compared with actual measurements. Also MATLAB GUI which consists 

of input information, comparison results, and prediction (pile capacity increased by setup) 

was developed. The correlation R
2 

and root mean square error are used as measures of the 

quality of prediction. The comparison of the predicted results with measured data (BPNN 

model for prediction of pile setup) is found to agree much better with the actual measured 

values as compared those from Skov and Denver(1986), Svkinkin(1996), Long.et.al(1999), 

and Svinkin and Skov(2000))‟s methods. The results of this study indicate that BPNN model 

can serve as a reliable and simple tool for the prediction of pile setup, and can be expected to 

yield more economical pile design.  

In the developed ANFIS, the same 5 input variables as used in BPNN model except 

roughness volume for pile type are selected to evaluate the pile capacity increased by setup. 
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Types and numbers of membership functions to each input variable are appropriately decided 

when testing data set has the highest correlation R
2
. Pile setup predictions were made using 

ANFIS as well as commonly used empirical methods, and they were also compared with 

actual measurements. The results of this study indicate that ANFIS provides slightly better 

prediction than BPNN with similar results, and both ANFIS and BPNN can serve as a 

reliable and simple tool for the prediction of pile setup. Overall, for this study BPNN seems 

to be more useful than ANFIS since BPNN model trains much faster although they provide 

similar predictions. However, in the case of developing a model with limited data range, 

ANFIS may be more useful than BPNN because ANFIS can consider beyond the data range 

using membership functions. Also, as more data become available, the model itself can be 

improved further to make more accurate capacity prediction for a wider range of load and 

site conditions, and can lead to significant savings in pile design compared to commonly 

used empirical methods.  

 

 

5.8 References 

[1] Shahin, M. A., M. B. Jaksa., and H. R. Maier. Artificial Neural Network 

Applications in Geotechnical Engineering. Australian Geomechanics, 2001, 

pp.49-61. 

[2] Goh, A. T. C. Pile Driving Record Reanalyzed Using Neural Networks. Journal 

of Geotechnical Engineering, Vol.122, No.6, 1996, pp.492-495. 

[3] Goh, A. C. Seismic Liquefaction Potential Assessed by Neural Networks. Journal 

of Geotechnical Engineering Vol. 120, 1994, pp.1467-1480. 

[4] Ghaboussi, J., Jr. J. H. Garrett., and X. Wu. Knowledge-Based Modeling of 

Material Behavior with Neural Networks. Journal of Geotechnical Engineering, 

Vol 117, No.1, ASCE, 1991, pp.132-153.  

[5] Poulos. H. G. and E. H. Davis. Pile foundation analysis and design. John Wiley & 

Sons, 1980. 

[6] Komurka,V. E., C J. Winter., and S.G. Maxwell. Applying Separate Safety 

Factors to End of Drive and Set-up Components of Driven Pile Capacity. 

Proceedings of The 13
th

 Great Lakes Geotechnical and Geoenvironmental 

Conference. ASCE/GEO-Institute, 2005, pp.65-80. 



 164 

[7] Axelsson, G. A Conceptual Model of Pile Set-up for Driven Piles in Non-

Cohesive Soil. Deep Foundations Congress, Geotechnical Special Publication, 

No.116,Vol 1, ASCE, Reston, Va., 2002, pp.64-79. 

[8] York, D. L., G. B. Walter, F. M. Clemente., and S. K. Law. Setup and Relaxation 

in Glacial Sand. Journal of Geotechnical Engineering. Vol 120, No.9, ASCE, 

1994, pp.1498-1513. 

[9] Chow. F. C., R. J. Jardine., F. Brucy., and J. F. Nauroy. Effects of Time on 

Capacity of Pipe Piles in Dense Marine Sand. Journal of Geotechnical and 

Geoenvironmental Engineering, Vol 124, No. 3, ASCE, 1998, pp.254-264. 

[10] Komurka, V. E., A. B. Wagner., and T. B. Edil. Estimating Soil/Pile Set-up. 

Wisconsin Highway Research Program Contract No. 0092-00-14, Report 

No.0305, September 2003. 

[11] Komurka, V. E. Incorporating Set-up and Support Cost Distributions into Driven 

Pile Design. Current Practices and Future Trends in Deep Foundations, 

ASCE/Geo-Institute, Geotechnical Special Publications No.125, 2004, pp.16-49. 

[12] Axelsson G. Long-term increase in shaft capacity of driven piles in sand. 

Proceedings of the 4
th

 International Conference on Case Histories in 

Geotechnical Engineering. St. Louis, Missouri, 1998, paper 1.25 

[13] Whittle, A. J., and T. Sutabutr. Prediction of Pile setup in Clay. Transportation 

Research Record 1663, Paper No.99-1152, 1999, pp.33-40. 

[14] Titi, H. H., and, G. W. Wathugale. Numerical Procedure for Predicting Pile 

Capacity-Setup/Freeze. Transportation Research Record 1663, Paper No.99-0942, 

1999, pp.25-32. 

[15] Skov, R., and H. Denver. Time-Dependence of Bearing Capacity of Piles. 

Proceedings of the 3
rd

 International Conference on Application of Stress-Waves 

to Piles, 1988, pp.879-888. 

[16] Huang, S. Application of Dynamic Measurement on Long H-Pile Driven into Soft 

Ground in Shanghai. Proceedings of the 3
th

 International Conference on 

Application of Stress Waves to Piles, Ottawa, Ontario, Canada, 1988, pp.635-643. 

[17] Svinkin, M. R. Setup and Relaxation in Glacial Sand-Discussion. Journal of 

Geotechnical Engineering, Vol 122, No.4, ASCE, 1996, pp.319-321. 

[18] Long, J. H., J. A. Kerrigan., and M. H. Wysockey. Measured Time Effects for 

Axial Capacity of Driven Piling. Transportation Research Record 1663, Paper 

No.99-1183, 1999, pp.8-15. 



 165 

[19] Svinkin, M. R., R. Skov. Set-Up Effect of Cohesive Soils in Pile Capacity. 

Proceedings of the 6
th

 International Conference on Application of Stress Waves to 

Piles, Sao Paulo, Brazil, Balkema, 2000, pp.107-111. 

[20] Lin. C. T. and C. S. G. Lee. Neural Fuzzy Systems-A Neuro Fuzzy Synergism to 

Intelligent Systems. Prentice Hall P T R, Upper Saddle River, N.J, 1996. 

[21] Fausett, L. V. Fundamentals of Neural Networks: Architecture, algorithms, and 

applications. Prentice-Hall, Englewood Cliffs, N.J, 1994. 

[22] Kecman V. Learning and soft computing. A Bradford Book, The MIT Press, 

Cambridge. Massachusetts, 2001. 

[23] Demuth, H., and M. Beale. Neural Network Toolbox for Use with MATLAB. The 

Math Works Inc, 1996. 

[24] Hussein, M. H., M. R. Sharp., and W. F. Knight. The use of Superposition for 

Evaluating Pile Capacity. Deep Foundations Congress, Geotechnical Special 

Publication, No.116, Vol 1, ASCE, Reston, Va., 2002, pp.6-21. 

[25] Diyaljee, V., and M. Partini. Influence of Subsoil Characteristics on Embedment 

Depths and Load Capacity of Large Diameter Pipe Piles. Deep Foundations 

Congress, Geotechnical Special Publication, No.116, Vol 1, ASCE, Reston, Va., 

2002, pp.126-142. 

[26] Long, J. H., M. Maniaci., and E.A. Samara. Measured and Predicted Capacity of 

H-piles. Deep Foundations Congress, Geotechnical Special Publication, No.116, 

Vol 1, ASCE, Reston, Va., 2002, pp.542-558. 

[27] Dover, A. and Jr, R. Howard. High Capacity Pipe Piles at SANFRANCISCO 

International Airport. Deep Foundations Congress, Geotechnical Special Publication, 

No.116, Vol 1, ASCE, Reston, Va., 2002, pp.655-667. 

[28] Antorena, J. M., and T. G. McDaniel. Determination of Design Pile Uplift 

Capacities Using Dynamic Pile Testing Methods. Deep Foundations Institute 20
th

 

Annual Members Conference and Meeting, 1995a, pp.1-13. 

[29] Antorena, J. M., and T. G. McDaniel. Dynamic Pile Testing in Soils Exhibiting 

Set-up. Deep Foundations Institute 20
th

 Annual Members Conference and 

Meeting, 1995b, pp.17-27. 

[30] Holloway, D. M., and D. L. Beddard. Dynamic Testing Results, Indicator Pile Tet 

Program – I -880, Oakland,Califonia. Deep Foundations Institute 20
th

 Annual 

Members Conference and Meeting, 1995, pp.105-126. 



 166 

[31] Svinkin, M. R. Soil Damping In Saturated Sandy Soils for Determining Capacity 

of Piles by Wave Equation Analysis. Deep Foundations Institute 20
th

 Annual 

Members Conference and Meeting, 1995, pp.200-216.. 

[32] Svinkin, M. R., C. M. Morgano., and M. Morvant. Pile Capacity as a Function of 

Time in Clayey and Sandy Soils. Deep Foundations Institute 5
th

 International 

Conference and Exhibition On Piling and Deep Foundations, 1994, Page no.1.11 

[33] Chambers, W. G., and D. J. Klingbeg. Predicting Uplift Deflection form Dynamic 

Pile Testing. Proceedings of the 6
th

 International Conference on Application of 

Stress Waves to Piles, Sao Paulo, Brazil, Balkema, 2000, pp.407-410. 

[34] Fellenius, B. H., E. R. Riker., A. J. O‟Brien., and G. R. Tracy. Dynamic and Static 

Testing in Soil Exhibiting Set-up. Journal of Geotechnical Engineering, Vol 115, 

No.7, ASCE, 1989, pp.984-1001. 

[35] Prelim, M. J., R. March., and M. Hussein. Bearing Capacity of Piles in Soils with 

Time Dependent Characteristics. Piling and Deep Foundations, Vol 1, 1989, 

pp.363-370. 

[36] Eberhart. R. C., and R.W. Dobbins. Neural Network PC Tools : A Practical Guide. 

Academic Press, Inc., 1990. 

[37] Garson. G. D. Interpreting Neural-Network Connection Weights. AI Expert, April, 

1991, pp.47-51. 

[38] Uesugi,M., Kishida, H., (1986), Frictional Resistance at Yield Between Dry Sand 

and Mild Steel, Soils and Foundations, Vol. 26, No.4, pp. 139-149. 

[39] Iscimen. M. Shearing Behavior of Curved Interfaces. M.S. thesis Georgia Institute 

of Technology, 2004. 

[40] Pando. M.A. et.al. A Laboratory and Field Study of Composite Piles for Bridge 

Substructures. FHWA-HRT-04-043. 2003. 

[41] Jang, J. S. R., C. T. Sun., and E. Mizutani., Neuro-Fuzzy and soft computing – A 

computational approach to learning and machine intelligence. Prentice Hall, Inc. 

1997. 

 



 167 

Chapter 6 A Back-Propagate Neural Network for 

Prediction of HP-Pile Drivability Analysis  

6.1 Introduction  

In practice pile driving criteria are provided for the contractor to drive the piles to the 

required pile bearing capacity for every bridge construction project. A wave equation based 

computer program is used to generate the pile driving criteria for every project. The pile 

driving criteria furnished to the contractor include: i) hammer stroke vs BPF(1/set) for 

required bearing capacity, ii) Maximum compressive stresses vs BPF, iii) Maximum tension 

stress vs BPF. This work takes up a significant amount of time. During this time, several 

programs such as PILECAP, GRLWEAP, PDA, and CAPWAP are also needed. This current 

practice requires significant training skills, and can be very time consuming since lots of 

effort is devoted to the analysis, and there exists a need to develop an alternative model.  

In this study a back-propagation neural network (BPNN) model is developed to 

predict pile drivability (Max com stresses, Max ten stresses, BPF). A database of a number 

(3,283) of HP piles is developed from the data on HP piles from 57 projects in NC State 

(with both GRLWEAP data and soil profile information and without PDA and CAPWAP 

analysis). Twenty-one variables are chosen as input to predict three target variables. The 

input variables consist of hammer, hammer cushion material, pile, soil information, ultimate 

pile capacities, and stroke. Stroke values are used as an input having ranges 5 to 11 ft based 

on an open-run database of GRLWEAP.  

The database is divided into five groups with respect to ultimate pile capacity range 

since it is too difficult to correctly choose representative data for the training model because 

of huge amount of data and variety of the input variables. Each group is randomly split into 

two groups: the first group is used for training the neural network model, and the other (30% 

of training data set) for testing. In the developed network of each group, there is an input 

layer, where input data are presented to network and an output layer, and two hidden layers 

as intermediate layers are also included. For the five groups‟ result, high correlation R
2
 are 

obtained, and there are few scatters in the predictions for both training and testing sets.  

To demonstrate the feasibility of BPNN (back-propagation neural network model) 25 

cases are predicted by the developed BPNN, and the results obtained are compared to 

GRLWEAP calculations derived from already built piles at NC State. The results indicate 

that BPNN model provides good predictions compared to GRLWEAP calculations, and can 
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serve as a reliable and simple predictive tool for the prediction of pile drivability. The 

program was developed within MATLAB with a GUI  for use by engineers.  

 

6.2 Pile Drivability Analysis 

 The main objectives of using the wave-equation approach are to obtain a better 

relationship between ultimate pile load and pile set than can be obtained from a simple 

driving formula. The pile wave equation based analysis uses the propagation of the 

longitudinal wave caused by a hammer impact at the pile top.  

When viewed pile driving process as shown in Figure 6-1, the ram transfers force to 

the pile head over a finite period of time which depends on the properties of the hammer-

pile-soil system. The amplitude of the wave will decay due to system damping properties 

before reaching the pile tip. The force in the wave, which reaches the tip, will pull the pile tip 

into the soil before the wave is reflected back up the pile. Both incident and reflected force 

pulses will cause a pile toe motion and produce a permanent pile set in case their combined 

energy and force are enough to overcome the static and dynamic resistance effects of the soil. 

 

Figure 6 - 1 Wave Propagation in a pile (adapted from Cheney and Chassie, 1993) 
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The wave equation analysis using finite difference is carried out as follows: for a 

given driving equipment and pile embedment in the soil, an ultimate static capacity is 

specified and distributed based on engineer‟s experience and empirical methods, along the 

side of the pile and at the pile tip. An initial velocity generated by hammer impact is 

calculated according to hammer efficiency and stroke, then the hammer (ram) causes 

displacements of helmet and pile head springs, and the movement of a pile segment causes 

soil resistant forces. By equating all forces acting on a segment, divided by its mass, the 

acceleration of the segment are assessed. The product of acceleration and time gives the 

segment velocity. The velocity multiplied by the time yields a change of segment 

displacement which results in new spring forces. Also, the stress can be computed in the pile. 

From this process, the accelerations, velocities, displacements, forces, and stresses of each 

segment are computed over time. One of the most important results is a permanent set of the 

pile tip calculated by subtracting average shaft and tip quakes from maximum total 

displacement at pile tip. Therefore, a bearing graph (plotting of ultimate pile capacities and 

blows per foot(1/set)) is obtained from the above successive process at various given ultimate 

pile capacities (Poulos, and Davis, 1980).  

Figure 6-2 shows a procedure of current practice for obtaining pile driving criteria. 

To get reasonable pile driving criteria not only soil, pile, and driving equipment information 

but also several commercial programs need to be run.  

 

 

Figure 6 - 2 A Flow Chart of Current Practice for Pile Drivability 
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However, in order to generate the pile driving criteria, this work takes up a 

significant amount of time. Sometimes, the contractor needs to replace an approved hammer 

due to unexpected problems in the middle of pile driving, and it delays the construction 

because the contractor needs to resubmit their replacement hammer data and wait for new 

driving criteria. Several programs such as PILECAP, GRLWEAP, PDA, and CAPWAP are 

used during the practice. The inconvenience in the current practice has provided the 

motivation for the BPNN model development in this study. 

 

6.3 Database 

In this paper a database is developed from the piles of bridges already built at NC 

State. Table 6-1 summarizes the collected and compiled data with respect to pile type. Only 

data related to HP pile of total 67 projects are used for developing neural network model 

because there is not enough data to develop a network model for the PCP (Pre-stressed 

Concrete Pile) and Pipe Pile data.   

 

Table 6 - 1 Summary of compiled database 

Pile type No. of Project Open run Stroke Option Total 

HP pile 57 1,108 2,175 3,283* 

PCP 6 11 21 33 

Pipe Pile 4 4 6 10 

* Apply to BPNN model. 

 

The input variables used in neural network models are based on the input variables of 

GRLWEAP as well as soil information (SPT-N, soil types) since used piles at NC State for 

this study have been built by using both GRLWEAP data and soil profile information without 

PDA and CAPWAP analysis. Three (hammer efficiency, COR of hammer cushion, damping 

at toe in the soil parameters) of GRLWEAP input variables are removed since they have been 

used as almost constant values so that they rarely have an influence on outputs.  

Table 6-2 presents an example of part of the data set for TIP no. B-2652. As 

described in Table 6-2, a total of twenty-one variables are chosen as input to predict three 

target variables (max com stresses, max ten stresses, BPF). The input variables consist of 
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hammer, hammer cushion material, pile, and soil information. In columns 16 & 17, soil types 

are assigned a binary value 0 for clay and a value of 1 for sand.   

 

Table 6 - 2 An example of input and output variables 

Ram 

wt
Energy area

Elastic 

Modulus
Thick

Helmet 

wt
Length Penetr Diam

Section 

area
L/D

Quake 

at toe

Damp 

at shaft

Damp 

at toe

Shaft 

resist 

(%)

Skin 

soil 

type

Toe 

soil 

type

Aver 

skin N

Toe 

N
Com Stress

Ten 

Stress
BPF

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 200 6.19 23.82 0.27 50.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 50 4.41 17.09 0.09 8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 100 5.36 20.88 0 20.3

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 150 5.91 22.81 0.17 35.1

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 250 6.4 24.64 0.82 71.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 300 6.66 25.67 1.22 103.4

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 350 7.01 27.27 2.15 156.7

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 400 7.32 28.96 1.09 264.9

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 450 7.67 30.52 0.71 531.9

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 500 7.95 31.71 0.53 3511.7

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 200 5 20.23 0.31 69.7

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 50 5 19.09 0.07 7.3

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 100 5 19.73 0 21.7

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 150 5 20.01 0.17 42.8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 250 5 20.45 0.86 118.4

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 300 5 21.34 1.18 256.8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 350 5 22.21 1.71 1186.8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 400 5 22.9 1.95 9999

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 200 6 23.28 0.28 52.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 50 6 22.09 0.57 6.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 100 6 22.74 0 18.4

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 150 6 23.06 0.17 34.4

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 250 6 23.5 0.81 80.3

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 300 6 23.72 1.2 133.8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 350 6 24.95 1.97 276.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 400 6 25.74 2.22 1095.2

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 450 6 26.32 1.77 9999

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 200 7 25.98 0.26 43.3

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 50 7 24.77 1.29 6

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 100 7 25.38 0 16.1

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 150 7 25.72 0.16 29.3

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 250 7 26.21 0.81 62.4

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 300 7 26.46 1.22 93.8

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 350 7 27.29 2.15 156.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 400 7 28.23 1.29 322.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 450 7 28.92 0.88 1448.5

B-2652 3.31 28.14 415.5 175 2 1.75 30 30 12 15.5 30.0 0.1 0.225 0.1 37 0 1 8 100 500 7 29.45 0.77 9999

Hammer cushion Material
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Hammer Soil Information
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Pile Information
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6.4 Program procedure 

6.4.1 Division of Data by Qu range 

It may not be feasible to correctly choose representative data for the training model 

because of the huge amount of data and variety of the input variables. Still, the decrease in 

the number of data, which is randomly chosen as the training set, may decrease the accuracy 

of prediction. So, to consider the sensitivities of these data it‟s better to replace them with 

divided data groups, which can use all of collected data without removing any data.  

The problem is how the data can be subdivided. The main objectives of wave 

approach are to find reasonable BPF and driving stresses corresponding to ultimate pile 

capacity. In other words, ultimate capacities are not only used as input variables, but also 

related to both input and outputs. From this it may be possible to make several subdivisions 

having similar behaviors by ultimate capacity, and ultimate capacity can be a good indicator 
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for dividing the total data to solve the complex problem. In this study we found that five 

subdivisions are appropriate using trial and error.  

At first, the total data of 3,160 was organized by values of ultimate capacity, and then 

split into 5 divisions corresponding to ultimate pile capacities. Details of the divided data for 

developing the model are summarized in Table 6-3. The total number of data of each range 

was split at random into two groups: the first group was used as a training set, and the 

remaining data (about 30% of the training data) were used for testing in the developed neural 

network. A required data set during the testing phase is an independent data set different 

from the training set is required (Hammerstrom, 1993).  

 

Table 6 - 3 Division of data with respect to ultimate pile capacities 

Type 
Qu 

Range (kips) 

Data 

No. of 

Training data 

No. of 

Testing data 
Total 

Q1 30-80 263 87 350 

Q2 81-159 393 132 525 

Q3 160-250 609 203 806 

Q4 251-399 539 180 719 

Q5 400-700 276 91 367 

 

6.4.2 Training and Testing Network 

The neural network adopted in this study utilizes the back-propagation learning 

algorithm which has been widely used and studied because of its simplicity. The back-

propagation neural network consists of two phases. First, the data are propagated forward 

from input to output layer, it produces an actual output. Then, in the second phase the error 

(the difference between target values and the computed values) are propagated backward to 

update the weights and biases of the neurons and their connections in the same architecture 

(Figure 6-3). Many cycles of these two computational phases are performed until an error 

goal is achieved. The mean square error function is commonly adopted as the error function. 

Also, the number of hidden layers and hidden nodes, transfer functions, and normalization of 



 173 

data are appropriately determined to get the best performance of model. At the end of the 

training phase, the neural network represents a model that should be able to predict the target 

value given the input pattern. A logistic sigmoid function as an activation function is selected 

to transfer input layer to the first hidden layer and the second hidden to the output layer, 

whereas a hyperbolic tangent function is used to convert first hidden layer to second hidden 

layer. The choices of these functions were made in order to minimize the errors. Also, 

Levenberg-Marquardt method is used to make the convergence much faster.  

 

 

Figure 6 - 3 BPNN architecture to each Q type 

 

Figure 6-4 shows training and testing network for each Q type. During training, 

weights and bias are updated by reducing its errors until the errors are acceptable. Then in 

order to assess the generalization capability of the trained neural network, model with all the 

model parameters including the connection weights are tested with a separated set of 

“testing” data used in training. During testing, the finally updated weights and bias in the 

training phase are applied to the testing patterns and an ultimate performance of the model is 

evaluated by correlation R
2
 values. It should also be noted that the model is trained on one 

data set, while the testing is done on a different set of the data.  
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 Note that in order to reduce training time, already optimized weights matrix and bias 

vectors are set to the weights matrix and bias in the initial part of program. So, the program 

doesn‟t spend too much running time to train the networks for each Q type.  

 

 

Figure 6 - 4 Training and Testing of Network 

 

Table 6-4 illustrates the chosen values of learning factors to get the best performance 

from the network when correlation R
2
 of test data set is highest with respect to each Q type. 

Some important learning factors are required to find the neural network having the best 

performance while training. A reasonable strategy is to find values of the learning factors for 

all of the cases within the reasonable range. The best appropriate values were decided 

through iterations of training until getting the best results within the reasonable range of 10
0
 

to 10
-6

 for error goal, 8 to 21 for number of hidden nodes, and -3.0 to 3.0 for initial weights. 

And then each value of the factors set to the program for prediction.  

For example, in the case of Q1, the network has learned continually through updating 

weights until error goal is 10
-4

 and epoch is 27 and the number of hidden nodes is 20 with 

initial weights in the range of -2.95 to 2.72.  
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Table 6 - 4 Learning factors with respect to Q type 

Type Initial Weight 

No. of 

Hidden 

Nodes 

Error 

Training Testing 

Max σ 

(comp) 

Max σ 

(tens) 
BPF 

Max σ 

(comp) 

Max σ 

(tens) 
BPF 

Q1 -2.95~2.72 20 1/10
4
 0.996 0.997 0.996 0.922 0.949 0.924 

Q2 -2.23~2.49 10 2.3*/10
4
 0.991 0.995 0.997 0.980 0.921 0.984 

Q3 -2.67~2.59 19 1/10
4
 0.996 0.991 0.995 0.991 0.970 0.989 

Q4 -2.43~2.41 18 1/10
4
 0.996 0.994 0.988 0.990 0.970 0.912 

Q5 -2.68~2.60 19 1/10
3
 0.979 0.947 0.941 0.967 0.957 0.904 

 

Figure 6-5 through Figure 6-34 show comparison results of maximum compressive 

stress, maximum tension stress, and BPF for training and testing data set with respect to Q 

type. For all of Q types, very high coefficients of correlation were obtained, and there are few 

scatters in the data points of predictions as shown in figures for both training and testing data. 

 

Q1 type  
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Figure 6 - 5 Comparison max com stresses by BPNN and by GRLWEAP: Training-Q1 
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Figure 6 - 6 Comparison max com stresses by BPNN and by GRLWEAP: Testing-Q1 
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Figure 6 - 7 Comparison max ten stresses by BPNN and by GRLWEAP: Training-Q1 
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Figure 6 - 8 Comparison max ten stresses by BPNN and by GRLWEAP: Testing-Q1 
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Figure 6 - 9 Comparison BPF by BPNN and by GRLWEAP: Training-Q1 
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Figure 6 - 10 Comparison BPF by BPNN and by GRLWEAP: Testing-Q1 
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Q2 type  
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Figure 6 - 11 Comparison max com stresses by BPNN and by GRLWEAP: Training-Q2 
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Figure 6 - 12 Comparison max com stresses by BPNN and by GRLWEAP: Testing-Q2 
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Figure 6 - 13 Comparison max ten stresses by BPNN and by GRLWEAP: Training-Q2 
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Figure 6 - 14 Comparison max ten stresses by BPNN and by GRLWEAP: Testing-Q2 
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Figure 6 - 15 Comparison BPF by BPNN and by GRLWEAP: Training-Q2 
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Figure 6 - 16 Comparison BPF by BPNN and by GRLWEAP: Testing-Q2 
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Figure 6 - 17 Comparison max com stresses by BPNN and by GRLWEAP: Training-Q3 
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Figure 6 - 18 Comparison max com stresses by BPNN and by GRLWEAP: Testning-Q3 
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Figure 6 - 19 Comparison max ten stresses by BPNN and by GRLWEAP: Training-Q3 
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Figure 6 - 20 Comparison max ten stresses by BPNN and by GRLWEAP: Testing-Q3 
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Figure 6 - 21 Comparison BPF by BPNN and by GRLWEAP: Training-Q3 
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Figure 6 - 22 Comparison BPF by BPNN and by GRLWEAP: Testing-Q3 
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Q4 type  
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Figure 6 - 23 Comparison max com stresses by BPNN and by GRLWEAP: Training-Q4 
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Figure 6 - 24 Comparison max com stresses by BPNN and by GRLWEAP: Testing-Q4 
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Figure 6 - 25 Comparison max ten stresses by BPNN and by GRLWEAP: Training-Q4 
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Figure 6 - 26 Comparison max ten stresses by BPNN and by GRLWEAP: Testing-Q4 
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Figure 6 - 27 Comparison BPF by BPNN and by GRLWEAP: Training-Q4 
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Figure 6 - 28 Comparison BPF by BPNN and by GRLWEAP: Testning-Q4 
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Figure 6 - 29 Comparison max com stresses by BPNN and by GRLWEAP: Training-Q5 
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Figure 6 - 30 Comparison max com stresses by BPNN and by GRLWEAP: Testing-Q5 
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Figure 6 - 31 Comparison max ten stresses by BPNN and by GRLWEAP: Training-Q5 
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Figure 6 - 32 Comparison max ten stresses by BPNN and by GRLWEAP: Testing-Q5 
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Figure 6 - 33 Comparison BPF by BPNN and by GRLWEAP: Training-Q5 
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Figure 6 - 34 Comparison BPF by BPNN and by GRLWEAP: Testing-Q5 

 

6.4.3 Predictions  

Before making predictions for pile drivability, stroke values need to be figured out 

appropriately since stroke has to be used as an input variable. Stroke values are decided 

through open-run‟s database of GRLWEAP. As shown in Figure 6-35, all of stroke values 

range 5 to 11 ft. Therefore these values are used as given ones in the program. 

 

 
Figure 6 - 35 Collected stroke ranges at required ultimate capacity 
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Figure 6-36 presents a procedure to produce predictions of drivability for a specific pile. The 

weights matrix and bias vectors optimized in previous training phase are used for the 

prediction of a pile driving analysis. Then for the prediction of one pile drivability analysis, 

input data of pile driving (hammer, cushion, pile, soil information, ultimate pile capacities, 

and stroke) need to be loaded. Finally BPNN model provides the predictions of BPF, 

Maximum Compression Stress, and Maximum Tension Stress with respect to the given stoke 

range (5-11 ft).  

 

Figure 6 - 36 A procedure for predictions 

6.4.4 MATLAB GUI 

Figure 6-37 presents the GUI of the program developed within MATALB, with input 

information, comparison results, and predictions. Generally there are two interfaces which 

consist of input information and plotting results. Figure 6-37 shows an example of TIP no. : 

B-3630. For the input interface, one of two different unit systems (English and SI unit) is 

chosen, and then input data (project title, hammer, cushion, pile, soil information, ultimate 

pile capacities, stroke) need to be loaded. After running the program predictions will be 

provided. For the plot results in Figure 6-38 there are input general information in the left 

hand side such as project title, hammer ID, cushion, pile, soil information and in the right 

hand side plotting results with respect to ultimate pile capacities are composed: i) BPF vs 

Stroke, ii) BPF vs Maximum Compression Stresses, iii) BPF vs Maximum Tension Stresses. 
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Figure 6 - 37 A MATLAB GUI for BPNN for prediction of pile drivability 
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Figure 6 - 38 Plotting Results for TIP no. B-3630
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6.5 Case Studies 

To demonstrate the feasibility of BPNN, 25 cases are used to BPNN, and predictions 

obtained by BPNN were compared to GRLWEAP calculation. Table 6-5 describes BPNN 

predictions and GRLWEAP calculations for given stoke values. As shown in Table 6-5, there 

is a good agreement between back-propagation neural network predictions and the 

GRLWEAP calculations for a chosen stroke.  
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Table 6 - 5 Comparison of Results between BPNN and GRLWEAP (case study) 

No. TIP no. Qu (kips) Method Stroke (ft)
Max com stresses 

(ksi)

Max ten stresses 

(ksi)
BPF

GRLWEAP 23.82 0.190 37.5

BPNN 23.32 0.174 36.1

GRLWEAP 26.46 0.070 42.5

BPNN 26.28 0.097 43.1

GRLWEAP 27.16 0.610 48.3

BPNN 26.72 0.565 51.0

GRLWEAP 20.60 0.201 58.4

BPNN 20.92 0.178 55.3

GRLWEAP 25.90 0.057 36.8

BPNN 28.03 2.411 34.3

GRLWEAP 23.79 0.081 48.4

BPNN 23.95 0.092 46.9

GRLWEAP 24.88 0.372 64.6

BPNN 20.15 0.357 56.1

GRLWEAP 27.68 0.010 27.6

BPNN 28.72 0.013 23.0

GRLWEAP 37.40 0.060 55.0

BPNN 38.29 0.062 55.3

GRLWEAP 38.15 0.000 36.0

BPNN 42.12 0.080 41.9

GRLWEAP 30.68 0.200 54.0

BPNN 41.52 2.160 71.5

GRLWEAP 23.74 0.000 56.0

BPNN 26.62 0.105 71.0

GRLWEAP 29.54 0.000 39.0

BPNN 31.95 0.091 33.9

GRLWEAP 36.03 0.040 32.0

BPNN 32.93 0.112 34.2

GRLWEAP 32.99 0.000 43.0

BPNN 35.69 0.332 45.9

GRLWEAP 30.89 0.190 38.0

BPNN 29.43 0.001 15.9

GRLWEAP 34.08 0.330 64.0

BPNN 30.62 0.008 87.7

GRLWEAP 21.80 0.320 61.0

BPNN 20.23 0.018 86.0

GRLWEAP 23.22 0.060 66.0

BPNN 26.00 0.164 56.0

GRLWEAP 31.19 0.140 26.0

BPNN 35.00 0.011 23.0

GRLWEAP 28.84 1.260 31.0

BPNN 24.00 2.600 36.0

GRLWEAP 24.70 1.700 43.0

BPNN 23.39 0.188 28
GRLWEAP 26.00 0.000 30.2

BPNN 30.00 0.015 42.0

GRLWEAP 28.70 0.338 32.0

BPNN 21.50 0.538 42.0

GRLWEAP 21.90 0.370 45.0

BPNN 26.20 0.200 52.0
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Figures 6-39 through 6-41 present comparison results of BPF, maximum 

compression stresses, maximum tension stresses, respectively. Predictions of BPF and 

maximum compression stress by BPNN agree well with ones by GRLWEAP while 

maximum tension stress does not appear to be matched. However, this difference between 

them is small enough to be ignored, and we don‟t need to consider tension stresses since this 

model is for HP piles.  
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Figure 6 - 39 Comparison of BPF results: Case study 
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Figure 6 - 40 Comparison of Max compressive stress results: Case study 
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Figure 6 - 41 Comparison of Max tension stress results: Case study 
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6.6 Conclusions 

In this study a BPNN (back-propagation neural network) model is developed to 

predict pile drivability (max com stresses, max ten stresses, BPF) for a certain ultimate pile 

capacity. A database of a number (3,283) of HP piles is developed from data on HP piles 

from 57 projects in NC State with both GRLWEAP data and soil profile information (without 

PDA and CAPWAP analysis). Twenty-one variables are chosen as input to predict three 

target variables. The input variables consist of hammer, hammer cushion material, pile, soil 

information, ultimate pile capacities, and stroke. Stroke values are used as an input having 

ranges 5 to 11 ft based on open-run database of GRLWEAP.  

The database is divided into five groups with respect to ultimate pile capacity range 

since it‟s too difficult to correctly choose representative data for the training model because 

of the huge amount of data and variety of the input variables. Each group is randomly split 

into two groups: the first group is used for training the neural network model, and the other 

(30% of training data set) for testing. In the developed network to each group, there is an 

input layer, where input data are presented to network and an output layer, and two hidden 

layers as intermediate layers are also included. For the five groups‟ result, very high 

correlation R
2
 are obtained (average 0.98 for training and 0.95 for testing data set) and there 

are few scatters in the data points of predictions for both training and testing sets.  

To demonstrate the feasibility of BPNN (back-propagation neural network model) 25 

cases are applied to the developed BPNN, and predictions obtained by BPNN are compared 

to GRLWEAP calculations derived from already built piles at NC State. The results indicate 

that the BPNN model provides good predictions compared to GRLWEAP calculations, and 

can serve as a reliable and simple predictive tool for the prediction of pile drivability. The 

program is developed within MATLAB with a GUI (Graphical User Interface) for use by 

engineers. It is hoped that this neural network model will be used as an alternative approach 

of the analyses for „pile drivability‟ to be more convenient and reliable.  
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Chapter 7 Closure 

7.1 Summary of study 

In this study, BPNN (back propagated neural network) and ANFIS (adaptive neuro 

fuzzy inference system) models have been developed for the analyses of few important 

problems related to pile foundation: i) Ultimate pile capacity, ii) Pile setup, and iii) Pile 

drivability. First theories and methodologies of artificial neural network, fuzzy logic, and 

adaptive neuro fuzzy inference system are introduced, and studied through some examples. 

Then, BPNN and ANFIS models are developed for three important problems of pile design. 

Database for ultimate pile capacity and pile setup have been developed from a 

comprehensive literature review. The predictions by BPNN and ANFIS models are compared 

with those from commonly used empirical methods, and they are also compared with actual 

measurements. For the pile drivability analysis, a database of a number of HP piles is 

developed from HP piles built at NC State using both GRLWEAP data and soil profile 

information (without PDA and CAPWAP analysis). Predictions obtained by BPNN model 

are compared to GRLWEAP calculations derived from already built piles at NC State. All of 

the programs are developed within MATLAB using its toolboxes and its GUI. 

It is found that ANFIS and BPNN models for the analyses of pile provide similar 

predictions, which are better than those from empirical methods, and can serve as a reliable 

and simple tool for the prediction of ultimate pile capacity and pile setup. Also, BPNN model 

developed for pile drivability analysis provides good predictions. BPNN may be considered 

to be more efficient than ANFIS as BPNN model trains much faster while both provide 

equally good predictions. However ANFIS models with some additional works will be more 

desirable for those cases in which one or more input variables may be available only in 

„fuzzy‟ terms, and in which a model is developed with limited data range because ANFIS can 

consider beyond the data range using membership functions. 

 

7.2 Conclusions 

The following is a set of the conclusions from the works presented in this 

dissertation:   

 

1. For neural network modeling, a large number of data are needed to get acceptable 

predictions, multiple target prediction requiring even larger data base.  
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2. For neural network modeling, inappropriately large number of hidden nodes used 

may lead to overfitting problem. The best way to avoid overfitting is to use 

training samples as much as ten times of number of input variables, or to use 

smaller number of hidden nodes for the case of enough training samples.  

 

3. In ANFIS models, the type of MFs (Membership Functions) and the number of 

MFs (Membership Functions) are important in building the ANFIS architecture. 

These are chosen empirically by trial and error.  

 

4. ANFIS models are greatly influenced by the number of MFs for each input 

variable rather than by the number of training data.  

 

5. For ANFIS models, one of the ways to avoid over-fitting is to use small number of 

MF first because a larger number of MF leads to a small error on the training set 

but does not necessarily lead to a small error on the test set. 

 

6.  For both neural network and ANFIS models, with respect to only correlation R
2
, 

the models seems to be trained fairly even with some unreasonable input 

characteristics. In order to find out more reliable neural network model, relative 

importance and parametric study can be used only if input characteristics are 

known. The best way to find out the reasonable performance is to use the 

maximum error rate related to relative importance for neural network model and 

the maximum epoch as convergent in the testing results for ANFIS if uncertain 

variables as input variables may be chosen.  

 

7. For both neural networks and ANFIS models number of training data need to be 

large enough to capture the input and output mapping, and the number of data 

required for training the model depends on the nature pf the problems and the 

number of associated variables. 

 

8. For both neural networks and ANFIS models, visual results are well consistent 

with correlation R
2
, and correlation R

2
 can be generally used as a good indicator.  
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9. For both neural networks and ANFIS models, ANFIS may be more useful than 

BPNN since ANFIS can consider beyond the data range using linguistic terms. 

However, BPNN is not available to consider beyond the data range since BPNN 

handles only the limited data (BPNN considers that the data covers all ranges, but 

this is not true). 

 

10. For the problems of ultimate pile capacity with non-jetted and all data, ANFIS 

and BPNN provide similar predictions which are better than those by the 

empirical methods, and can serve as a reliable and simple predictive tool for the 

prediction of ultimate pile capacity. Also, BPNN may be more efficient than 

ANFIS as BPNN trains much faster than ANFIS while having similar results. 

However ANFIS models will be more desirable for those problems in which one 

or more input variables may be available only in „fuzzy‟ terms.  

 

11. For the problems of pile setup, ANFIS and BPNN provide similar predictions 

(BPNN being slightly better than ANFIS), which are better than those by the 

empirical methods, and can serve as a reliable and simple predictive tool for the 

prediction of pile setup. Overall, in this study BPNN may be more efficient than 

ANFIS as BPNN trains much faster than ANFIS while having similar results. 

However ANFIS models will be more desirable for those problems in which one 

or more input variables may be available only in „fuzzy‟ terms. 

 

12. For the problems of pile drivability, as far as concerned with correlation R
2
 to 

divide the huge amount of data (3,283) by five groups seems to be reasonable to 

train the model, and there are few scatters in the data points of predictions for 

both training and testing sets of five groups. Based on compared to 25 cases, it is 

shown that BPNN model provides good predictions compared to GRLWEAP 

calculations, and can serve as a reliable and simple predictive tool for the 

prediction of pile drivability.  

 



 207 

13. For these problems of pile, neural networks are available to mimic the actions of 

an expert who solves more complex problems than these pile problems only if 

large volumes of database are available and input parameters are appropriately 

analyzed. Also, it makes much easier to use the developed programs using 

MATLAB with its GUI. 

 

7.3 Future work  

 Models similar to those developed in this study can be developed for several other 

geotechnical problems such as evaluation of capacity of drilled shafts, prediction of 

settlements, etc. 

 Recently „evolutionary fuzzy neural inference model‟ has been developed by 

combining together „Genetic Algorithm‟, „Fuzzy logic‟, and „Neural network. Optimizing 

parameters for Genetic Algorithm, imprecision and approximate reasoning for fuzzy logic, 

and learning for neural network are integrated.  This new approach may be used to develop 

new models for many geotechnical problems including those covered in this study. 

 

  


