
3.1 Introduction 

Chapter 3 
Neural Networks as the Inversion Tool 

Ill\ erse theory is the usc of the actual results of some measurements of the observable 

data to infer the actual values of the model parameters (properties of the physical 

S)Stem). The field data contain apparent resistivity values and geometry information. 

These data arc then inverted to produce a plot of resistivity values. This resistivity 

imcrsion section is then used to interpret subsurface lithology. 

Di!lerent subsurface conditions will produce different apparent resistivity readings. Inverse 

modeling of the Geophysical Resistivity Method is determination of the actual variation 

lli" the Soil rcsisti\ ity from the collected apparent resistivity data from the field. However. the 

one-dimensional (I D) and t\vo- dimensional (20) inversion in terms of vertical 

\ariation of resistivity is a difficult task. Practitioners use many software packages as the 

ill\crsion tool with complex mathematical algorithms and huge sequential codes when it 

comes to interpretation of the field data. Section 1.3 discusses some of the methods 

\\here most of them based on iterative calculation methods. 

:\rtJI"icial Neural Networks (ANNs) are capable of solving several types of problems. 

lllcluding parameter estimation. parameter prediction, pattern recognition. 

classification and optimization. Also recently the use of neural networks in the 

geophysics parameter estimation problems has shown strong results (discussed under 

U ). With this recent trend in the applicability of the ANN's for the non linear 

geophysical inversion problems ANN's is proposed as the inversion tool for parameter 

estimation or sub surface interpretation in the resistivity problem. MatLab is used as 

the software tool for the modeling of the neural network and generation of synthetic 

data. Several MatLab commands and functions available in the Neural Network Tool 

Box arc used for the programs written. This chapter carries a general discussion about 

the :\cur~tl Networks (NN's) and the function selection for the Neural Network 

modclmg and optimization. 
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3.2 Selection of Neural Networks for the Present Study 

As discussed earlier many geophysical applications have used neural networks as an 

in\ersion tooL and have shovvn strong results. In spite of this latest trend in applying 

\ieur~tl Networks for inversion following discussed are some more reasons for 

choosing l\N's as the inversion tool for present study. 

• Elimination of lengthy sequential codes 

A neural network can be trained with a set of example data pairs. So this will 

eliminate complex mathematical algorithms and huge sequential codes required for 

comerting an input to output. Rather to train the network all what we need is a 

collection of representative examples of the desired translation. The NN then adopts 

itself to produce the desired outputs when presented with the example inputs. 

In addition. the NN will also produce an output for the inputs, which it has never seen. 

This is because of the inherent ability of the network to deal with noise or obscured 

patterns. This has significant advantage of as NN approach over a traditional 

algorithmic approac~1. 

So. no\v if we consider the lD inversion case the basic intention behind the use of 

neural networks is to first train the program with a synthetic data set generated using 

the equations (2.50). Then input a set of field collected resistivity measurement data to 

the network to obtain the actual earth structure with the layer parameters i.e. the layer 

thicknesses and the individual layer resistivities. 

• Omission of a initial model estimation 

NN"s do not need a 'good' initial solution set of parameters as an input for their 

program. where in other inverse algorithm based programs developed they need to 

determine the initial values properly. for the speed of convergence of the iterative 

solution [51. In [5J the initial guess for a three layer model is based on the tvvo-end 

limit property. With this determines the top layer and bottom layer resistivities, with 

the argument that selected probe spacing (a) is small enough and large enough to 

obtain almost unchanging apparent resistivity with further change ofu. 
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• Possibility of training the nctvvork in place of human visual inspection 

One thing noted in literature was that after every measurement set is taken before 

applytng it to an inverse algorithm based program for parameter optimization, the 

nw~tSurcd data is plot with apparent resistivity Vs probe spacing. So with the curve 

shape or the trend of the curve a model to fit namely two layers, three layers. four 

layers is determined first. This is done with a visual inspection of the curves and by 

matching them approximately with the standard curve shapes. 

So~~ similar classific:ltion base can be used for the neural network approach. Where 

the neural network can be trained to classify the apparent resisitivity measurement set 

under the suitable rwclel first as two layers, three layers and so on. Here again with 

the reference to the standard curve types a broad classification can be given based on 

the resisti\ity variation of soil models more than two layers (e.g. for three layers Low

high-low modeL high-medium -low model etc.) 

Su after training the network for a determined well selected set of such curve types the 

time consuming visual inspection and initial guess determination can be taken off 

from the humans. Arter training the neural networks they will perform excellent at real 

t1me solelv for the measured field data. 

3.3 Biological Neural Networks 

The human brain is a highly complicated machine capable of solving very complex 

problems. Although we have a good understanding of some of the basic operations 

that drive the brain. we are still far from understanding everything there is to know 

about the brain. 

In order to understand Artificial Neural Networks (ANN), it is necessary to have a 

haste knO\\ ledge of hO\\ the internals of the brain work. The brain is part of the central 

nt:T\ous system and consists of a very large NN. The NN is actually quite 

complicated, but I will only include the details needed to understand ANN, in The NN 

~~ a network consisting of connected neurons. The center of the neuron is called the 

nucleus. The nucleus is connected to other nucleuses by means of the dendrites and 

the axon. This connection is called a synaptic connection. 
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Figure 3.1 -Simplified biological neuron 

The neuron can fire electric pulses through its synaptic connections. which is received 

at the dendrites of other neurons. Figure 3.1 shows how a simplified neuron looks like. 

When a neuron receives enough electric pulses through its dendrites. it activates and 

fires a pulse through its axon, vvhich is then received by other neurons. In this way 

information can propagate through the NN. The synaptic connections change 

throughout the lifetime of a neuron and the amount of incoming pulses needed to 

acti\ate a neuron (the threshold) also change. This behavior allows the NN to learn. 

The human brain consists of around 1011 neurons which are highly interconnected 

\\ ith around 101
' connections [22] these neurons activates in parallel as an effect to 

internal and external sources. The brain is connected to the rest of the nervous system. 

\\ hich allows it to receive information by means of the five senses and also allows it to 

control the muscles. 

3A :\ rtificial Neural Networks (ANN) 

Basically the neural network concept can be referred to as the "computer learning by 

experience''. Conventionally a computer program is a set of sequential set of 
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instructions carried out by the computer, which is written by a human. But these 

sequential computer systems will he experiencing difficulties in performing inherently 

parallel tasks. The case of visual patterns recognition can be given as an example. 

Cumparati\e to the conventional computer the individual neural cell is capable of 

handling massi\e parallelism and intcrconnecti\ity, together with a high response time 

to typically a few tens of milliseconds. Therefore the biological system accompanying 

the brain has the ability to perform complex pattern recognition in hundreds of 

mtlliseconds. 

We \\ill need our computers to perform complex pattern recognition problems in the 

real \\Orld applications. But since the conventional computers are not suited for these 

applications. \Ve therefore borrow features form the physiology of the brain as the 

basis of a new processing model. Hence the technology is known as Artificial Neural 

Systems (ANS) or Neural Networks. Ultimately the conventional computer is now 

capable of handling and interpreting the complex pattern recognition 
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Figure 3.2- an Artificial Neural Network 
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Figure 3.2 shcl\\s a General Neural Network. The Neural network shown above has 

thn:e layers. namely the input layer, hidden layer and output layer. The layers consist 

of neurons or Processing Elements (PE's). PE's are simple elements operating in 

parallel and they arc inspired by biological nervous systems. The number of input and 

output layer neurons is decided on the application and the hidden neurons are decided 

on a trial and error basis. 

A\!\" is specified by architecture: a set of neurons and links connecting neurons. Each 

link has a weight. a neuron model: the information processing unit of the NN. a 

learning algorithm: used for training the NN by modifying the weights in order to 

sohc the particular learning task correctly on the training examples. 

The layers are interconnected with a set of connections. Where each neuron in the 

input layer is connect-:d to each neuron in the hidden layer i.e. the network is fully 

mterconnectcd. These connections arc assigned with a value called weights. The 

network function is determined largely by the connections between clements. The 

input layer is connected to the external world or the raw data. 

An ,\NN is not programmed: rather. it is trained by showing it a range of example 

inputs. The A\IN builds up a configuration based on the examples that allows it to 

function as an adaptive filter. This configuration is an internal representation or 

generalization of the examples. based on regression. The ANN uses the generalization 

tn match other input patterns against, within a range of tolerance. For example. an 

A\":\' could be trained on a variety of data sets that represent a known sample. With 

enough training. the ANN can recognize and identify data from unknown samples. 

The le\el of resolu~ion varies with the threshold and the resolution of the training 

examples. 

Each node in an ANN sees a different component of the data set. The components 

ma: merlap. The different nodes make decisions based on their components. Then a 

consensus of these decisions results in a finaL global decision. recognition. or 

identification. 

3.4.1 Neuron ::\lodel 

Figure 3.3 shows an artificial neuron. The neuron is the basic information processing 

unit ol an ANN. 
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Equation 3.1 represents the mathematics of the behavior of a single neuron. Inputs Xt 

through X" are multiplied by weights W1 through W11 for this specific node and then 

summed. This vveighted sum is refened to as the induced field of the neuron. Output 

of the summing function is then sent into a transfer function. This function then turns 

this number into a real output via some algorithm. The output, Y, results when the 

vveighted sum of the inputs exceeds the given threshold defined by a nonlinear transfer 

!unction. Bias is a constant input with certain weight. The bias b has the effect of 

applying an affine transformation to the weighted sum. It can be modeled by adding 

an extra input. 

\' = H'l X X I +we X X c + w, X X, + ........ + ~~~ X XII + h (3.1) 

The l\'euron transfer function or the Activation function (squashing function) is for 

limiting the amplitude of the neuron output. The most common activation functions 

used arc shown in Figure 3.4.Thc result of the transfer function is usually the direct 

output of the processing element. 

The Hard Limiter function can he given mathematically as, 

lifl'2:0 
((l') = i 

0 if\'<() 

The Piece-Wise Linear function can be given mathematically as, 
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j( \') = 1 \' 
I 

() 

il' \' ::;> 1/2 
if 1/2 > \' ::;> -1/2 
if \' ~ 1/2 

The S1gmoicl Function is similarly given as, 

. I 
/(r)=-----

1 + cxp( -m·) 

The hyperbolic Tangent is similarly given mathematically as, 

j(l') = tanh(l') 
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Figure 3.4- Common Activation Functions 
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3.-U Learning Algorithm 

There are sc\cral types of networks based on the algorithm used by them to !cam (or 

to train the net\\ ork ). The term 'leam' refers to the adjusting or updating the 

connCL'tJon weights. Every neural network possesses knowledge which is contained in 

the\ ;dues of the connections weights. Modifying the knowledge stored in the network 

as a !unction of experience implies a leaming rule for changing the values of the 

''eights. The Adaptive network learns under supervised or unsupervised learning. 

3.-U.l Supenised learning 

Supenisccl lcaming is a technique for lcaming a function from training data. The 

training data consist of pairs of input objects (typically vectors), and desired outputs. 

The output of the function can be a continuous value or can predict a class label of the 

!llput object (called classification). The task of the supervised learner is to predict the 

\aluc of the function for any valid input object after having seen a number of training 

e\amplcs (i.e. pairs of input and target output). To achieve this, the Ieamer has to 

generalize from the presented data to unseen situations in a "reasonable" way. This 

parallel task in human and animal psychology is often rcfened to as concept learning. 

Paracligms of supervised leaming include error-correction leaming, reinforcement 

learning and stochastic leaming. An important issue concerning supervised learning is 

the problem or error convergence, i.e. the minimization of e1Tor between the desired 

and computed unit values. The aim is to determine a set of weights which minimizes 

the error. One \\ell-known method, which is common to many learning paradigms, is 

the least mean square (LMS) convergence. 

3.-U.2 L nsupervised learning 

Lnsupcrviscd leaming studies how systems can leam to represent particular input 

patterns in a \\ay that reflects the statistical structure of the overall collection of input 

patterns. By contrast with supervised leaming, there arc no explicit target outputs or 

en\ mlllmcntal evaluations associated \Vith each input: rather the unsupervised learner 

hnngs to hear prior biases as to what aspects of the structure of the input should be 

captured 111 the output. 
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L'nsuperviscd learning is important since it is likely to be much more common in the 

brain than supervised learning. The only things that unsupervised learning methods 

ha\e to work with are the observed input patterns, which arc often assumed to be 

mdependent samples from an underlying unknown probability distribution. With 

unsupervised learning it is possible to learn larger and more complex models than 

\\ith supcnised learning. lf the causal relation between the input and output 

obsl'nations is complex, it is often easier to bridge the gap using unsupervised 

learning instead or supervised learning. This is because in supervised learning one is 

trying to find the connection between two sets of observations. The difficulty of the 

learning task increases exponentially in the number of steps between the two sets and 

that is why supervised learning cannot, in practice, learn models with deep hierarchies. 

In unsupervised learning, the learning can proceed hierarchically from the 

obsenations into ever more abstract levels of representation. Each additional 

hierarchy needs to learn only one step and therefore the learning time mcreases 

(approximately) linearly in the number of levels in the model hierarchy. 

Unsupervised competitive learning is used in a wide variety of fields under a wide 

\ ariety of names. the 1nost common of which is "cluster analysis". Hebbian learning is 

the other most common variety of unsupervised learning. Hebbian learning minimizes 

the same error function as an auto-associative network with a linear hidden layer, 

trained by least squares. and is therefore a form of dimensionality reduction. Perhaps 

the most novel form or unsupervised lcaming in the NN literature is Kohoncn's self

organizing (feature) map .SOMs combine competitive learning with dimensionality 

reduction by smoothing the clusters with respect to an a priori grid. 

3.5 Backpropagation Learning 

The learning algorithm used for the present study is the 'Feed forward back 

propagation' algorithm where the Generalized Delta Rule is used. It adjusts the 

\\etghts of the NN in order to minimize the average squared error. 

During the Feed Forvvdrd Step. an input patter is applied to the network as a stimulus 

at the first layer. of the network it is propagated through each successive layer until an 

output is generated. This output is compared to the desired output and an error signal 

1s computed for each unit. 
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This error signal is transmitted backwards to each unit in the intermediate layers. The 

units recei\e only a portion of the total error based on their contribution made to the 

original output. Based on error signal received, connection weights are updated hy 

each unit to cause the network to converge towards a state that all training patters to 

be encoded. This is the backward step. 

3.5. 1 Feed Forward Step 

Let·s consider the input vector as, 

X,, = ( ·\·1· x 1.2 ...... , x 1,1 • •••••• x/'11) (3.2) 

Where \
1

, is the input to the i 11
' unit of the input layer. 

Then these inputs are activated by an activation function, and presented as the 

acti\ation \ector of the layer. Let us assume that activation functions at all the cases 

arc equal to its net input. 

\JO\\ the input to the /' hidden unit. lr net 
1
,
1 

can be calculated as follows from 

equation (].l ). 

Ill' I = "\' \'\/ ;, X + (_/' 
~ /1 f!l / 

\\'here. 

cj 

W.''- Weights from /' input unit to /' hidden unit 

8' - Bias input to /'hidden unit 

The output or the node is, 

i .. = f ( ner;;
1

) 

Where. ('-the transfer function of the /'hidden unit. 

Similarly equations for the output nodes arc, 

(].]) 

(].4) 

41 

·~, 



I 

nd' = "'""'H' + (}" ,,, L z; ' 
(3.5) 

0~', = J~"(ner;;,) (3.6) 

Where·· o" superscript refers to quantities in the output layer. 

Nm\ after the output for the 1/1 input is calculated an error measure is taken. Where 

the error for the ,l~ input vector of the k111 unit of the output layer c'P' is given by, 

c.·.=d.-0. 
:' 1 ~ I,;, I''' 

(3.7) 

Where. 

df!A - Desirccl output of the ell output node for //1 training vector 

The error that is minimized by the Generalized Delta Rule is the sum of the squares of 

the enor for all output units. The Mean square enor function for the 1/1 training 

\ector can thus be given by, 

1 Ill ' 

E,, =-::;-I (d,,,- 01>1, )

- !~I 

3.5.2 Back Propagation Step 

(3.8) 

In order to adJ·ust the weights to minimize E , the weights are changed in the negative 
~ ~ I' ~ ~ ~ 

gradient of the above error function. This is done first with respect to the output layer 

(;L 
\\eights, where __ ,_~ is evaluated. 

~ lW/) 
c !; 

3.5.2.1 Weight update for the Output layer 

By using the chain rule for partial derivatives, 

c~E C'-f"" c(net" ) 
___ !! = ( d I - 0 . ) ·. ! f!A 

fW." I" I" r(ner') ) C'-W" 
II I'A A/ 

(3.9) 

From equation (3.5). 

?(net','.) c' 1· 
_ _____!._, '':..___ = -- "'""' w 0 i + (j" I - I 

-:':lJTII :l,V(I L lJ !'! 4 - jJf 
( ~ ~ /1 ( V i>~ I ·I 

(:\.1 0) 
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The functions I>uulft can take many forms as discussed under the section 3.2.1 two 

commonly used forms are. 

(ncr" ) =net''. 
j!A. j!/, 

(3.11) 

( , ) I ""r" ) -t ncr . = ( + e ,., 
I" 

(3.12) 

Where (3.11) and (3.12) are linear transfer function and sigmoid transfer function 

respectively. ln the sigmoid function the output is \Vithin zero and one. 

From equation (3.11). 

=I (3.13) 

From equation (3.12). 

= j'" I I- f.,, ) = o (I- o ) 
· /, \ · Z I ;J. J!J. ~ 

(3.14) 

Combining equations (3.10) and (3.11) the negative gradient is. 

_ c"E1, = (d ,, _ o
1
,,) C(ner;;, )i

1
,
1 ?H'.'' , ,, 

(3.1 )) 

Finallv the weight change value 6 W," can be given by 
.; L- '-- j! 1\f ;,_..-

(:£ 
~ w.~' == _, _·_!_' 

,, !J 7 [' ~t'.ll 
'I 

(3.16) 

Where. 
17 is the learning rate parameter 

Therefore the updatecl weights can be given by. 

IF"(r+1)=H'"(t)+L'. W"(t) 
;, ; f; I' f; 

(3.17) 

Combining equations (3.1)). (3.16) and (3.17) the general weight update equation is 

gi\en as. 

w.·: (l + l) = H',·: (t) + lJ(djik - of!A )f;."(ner;;, )if!/ (3.18) 

No\\ combining equation (3.18) and (3.13) the weight update equation for linear 

output units is. 
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w;·· u + 1 J = w,·,' u J + ,7c d
11

, - 0
111 

)i
1
!/ (3.19) 

The \\eight update equation for sigmoid output units combining (3.18) and (3.14) is. 

ll' 11+1) = H'."(t)+IJ(d. -0. )o. (t-o, )i 
• 1."1 f!A jJA jJ!, f!h j)/ 

(3.20) 

The abme equation is summarized by defining a quantity. 

{:! = (d/IA - o,.,z )f;"(nf't;;/,) 

/.,,( " ) =D.,. . net . 
t"-'" !11' 

(3.21) 

Combining equation (3.18) and (3.21) the weight update equation can be finally 

summarized as. 

II'' (t +I)= w,·!' (t) + IJc';;, i!'! (3.22) 

3.5.2.2 \Veight update for the Hidden layers 

The weight update for the hidden layer is done in a similar manner by evaluating the 

error gradient with respect to the hidden layer weights w:; 

fE 1 ~ 
I' ~ C , 

tW;, = 2 L.. clW 11 ( d;,z - 0
;11. r 

.z /1 

~£ "' "' ( " ) "' · ;:') ( /1 ) c · co , c net . ot c nt't 
!'. ~ ( I . ) . 11

' I'' 1'1 /
1
1 

~=-L,. ( ;,/, -()!'' ~( 0 ) ~· ~( /1) "'W!r c n· , o nt't
1
,, ct

1
!/ o net

1
,
1 

c 11 

(3.23) 

Referring section 3.3.2.1 for the evaluation of similar partial derivatives, above 

equation can be given as, 

i'E 
_I' =-~ (d - (} . ) r (net" )w" t 1 (nef 11 

) \' ?IF L.. j!l. . /, I''. AI. I j!! . jJI 

A 

(3.24) 

The hidden layer weights arc updates in proportion to the negative of equation (3.24), 

\ 11 .. ·1 /·11·( /1) I( I ) /'" ( ")1X! 0 

__~ • · = 17 net . .r c . - o . , .net , vv 1 ,:J .'! • fli j!i jlr,· j!A. . r. /h. ,"f 
(3.25) 

LSing equation (3.21 ), (3.25) can be written as, 
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~WI! =I /'
1'.(ncr'' )x "\' D" W" 

/1 l/ 1. ,11/ fll ~ f1~ J; 
(3.26) 

' 
From equation (3.25) it is evident that every weight update on the hidden layer 

depends on all the error terms D;;, on the output layer. This result is where the notation 

of backpropagation arises. The known errors on the output layer arc propagated back 

to the hidden layer to determine the appropriate weight changes on that layer. 

To make the hidden layer weight update equation analogous to equation (3.22). the 

\\eight update equation of the output layer. a hidden layer error term is defined, 

. 1· ( 1')L "TT'" c· = /IC{ E n 
I · ' /If jd 4! 

(3.27) 

' 
Finally the weight update equation for the hidden layer becomes. 

\\'
1 
(I+ I)= W/,' ( l) + '7<>~ (3.28) 

3.6 ~eural Network Modeling Process 

The l'vlatLab7 \Vas used as the software tool for the modeling of the Neural Network. 

Se\eral \1atLab 7 commands and functions in accordance with the above described 

hackpropagation theory: available in the Neural Network Tool Box is used for the 

programs written. The network architecture optimization, improving the 

generalization and database processing arc some important sections paid special 

attention during the modeling process and finalization process. 

The follm\ing sections cany a general discussion about the selection of functions for 

the modeling. 

3.6.1 ~eural :Network Architecture 

As described early in the chapter the neural network consists of an input layer, output 

layer and one or more intermediate layers refened to as hidden layers. 

3.6.1.1 Input and Output Neurons 

Though the no of input neurons and the no of output neurons arc directly related to the 

spccilic problem. hidden layers and hidden neuron determination is not so straight 
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forward. But this is the section which has to be done with a lot of emphasis, since the 

performance of a Neural Network model is essentially determined by a successful 

optimization of the number of neurons in the network so that a minimum error level is 

achievable in least computational time l23]. 

3.6.1.2 Optimizing the Network Architecture 

Dete;mination of the number of hidden layers and hidden units in layers are looked 

into in this section. Heuristics exist for determining the number of units in the hidden 

lcl\'CrS. 

3.6.1.2.1. Effect of the size of hidden layers 

The function of a hidden layer of a well trained three layer network is that it views the 

input pattern to determine which features are present in the pattern, and the output 

layer considers what output should be generated for the particular combination of 

features identified by the hidden layer l23]. 

Increasing the size of hidden layer usually improves the network's accuracy on the 

training set. Also the hidden layer may memories the input patterns rather than 

learning the features, especially the number of neurons in the hidden layer exceeds the 

number of training cases. Thus \Viii lose the predictability on an unseen set. i.e. the 

network \\ill lose its generalization capability. For a network with a single hidden 

layer it is common practice to initially make the number of neurons equal to about 

two-third of the number in the input layer. For a well generalized neural network 

model. there should be about 10 times as many training data points as there arc 

\\eights in the network. By using this heuristic we can set an upper limit on the 

number of hidden units in the model. 

Decreasing the size of the hidden layer generally improves generalization and hence 

the performance on the new cases. 

But a pcrl"cct fit of hidden neurons i.e. a just large enough network design is hovvevcr 

lor each application is basically a process of trial and error. In the present study the No 

ol hidden neurons and no of hidden layers arc determined by monitoring the training 

error. The selection criteria is given in the under the results. 
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3.6.2 Inputs and outputs to the network (The Database) 

Presenting data for training the NN is a critical factor, when considering the NN's 

final performance. The training database should be suffici('nth· and propNh· selected 

[2~]. But this selection has no hard and fast rules. ln general one can use as many data 

a\ ai I able to train the net work, although it is not necessary to usc them all. lf the 

net\\Ork is trained to perform in a noisy environment then including some noisy input 

\ectors in the data set will help the network to converge even if no Poise is expected at 

the input. 

From the available training data. a small sub set is often sufficient to train a network 

successfully. The r:::maining data can be used to test the network to verify the 

net\\Ork"s generalization capability. Often the available database is splittcd in to three 

sub sections such as. 

• The training set - which is used for computing the gradient and updating the 

network weights and biases 

• The \alidation set - The error on the validation set is monitored during the 

training process With early stopping(discussed in section 3.6.3.2), the choice 

of the\ ali dation set is important. The validation set should be representative of 

all points in the training set. 

• The test set 

The traimng set is used to train the network and the validation set is used as a 

checking data set which is used to monitor the over fitting of the network to the 

training data. A separate Testing set (previously unseen by the network during 

training) generated dil the same sampling strategy was used to evaluate the 

performance of the network. 

3.6.2.1 Pre-Post Processing of data 

In neural Network learning, data with different scales often leads to instability of 

neural networks [25j. This can be addressed by making the training data set 

representati\c of the kind of patterns the operational network \viii have to recognize 

[ 2(1 ]. S i nee they are sensitive to absolute magnitudes all inputs to the neural network 
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usually the input variables are standardized so that they arc all on the same order of 

magnitude [261. 

Data may have to be converted into another form to be meaningful to the network i.e. 

qnce neurons operate \Vith numeric inputs and outputs that corresponds to the 

activation values or the neurons usually 0 to 1 or -I to + L variables are standardized 

to ranges between these values. 

The general data processing techniques include. 

• Data Normalization 

Dividing all values of a set by the maximum value in the set. This can result in 

loss of information with anomalous spikes [.26]. 

• Data Scaling 

Mapping the variable with a range between the minimum and maximum values 

to the full working range of the network input. 
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Comerts each example value to a Z score by subtracting the mean and 

dividing the difference by the standard deviation. This compensates for both 

different magnitudes and variability. 

It has been found that standardizing the input variables to means of zero and units of 

standard deviations nas consistently led to better results in Neural Networks so that in 

the present study Z Score standardization is used [27]. 

Not only the magnitudes and the variability. but also the existence of high degree or 

redundancy in the data from the monitored variables of a system can have an adverse 

effect on the results of neural network modeling. 
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3.6.3 A Yoiding Overtraining (Improving Generalization) 

0\ertraining is probably the most common cnor in neural netv,orks. There is no 

perfect method for determining the number of training iterations or where to stop 

tr~u111ng. o,·ertraining will result in the network to adjust it self to the minor details in 

the training set similarly as in the case of a very large network compared to the 

training set. The most basic method to improve generalization is to select a network 

that is just large cn~1ugh to pruvidc an adequate fit (also discussed in section 

3.6.2.2.l).lf the network is too large then it can learn or create complex functions. If 

\\e usc a small enough network. it will not have enough power to over fit the data. 

\'arious methods can he used to determine \Vhen to stop training in neural networks. 

I. Early stopping based on cross validation 

1 Stopptng after a user defined enor level is reached or after the error levels off 

3. Usc of a test data set 

The problem with the second method is that it is difficult to decide on what this error 

lnel is. Often this level is chosen vvhen the enor levels off and does not change. The 

error during training usually drops until a certain number of itcrati·.)nS where it levels 

off and does not get much smaller, however at this point the network may be 

mertrained. 

Usc of a test data set is not independent of model development. Though this method 

may give the best model for that set of data it docs not give the generalizability of the 

s\'stem. 

There are t\\ o other methods fori mproving generalization 

• Regularization 

• Early stopping 

Both these generalization techniques are implemented in the Matlab7 Neural Network 

tool Box. There arc used in combination with the different training functions and 

eliminates the guesswork required in dcterminmg the optimum network size. The two 
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methods with the implemented strategies in the Matlab7 Neural Network tool box are 

discussed below. 

3.6.3.1 Regularization 

Bayesian regularization method of improving the generalization is implemented in the 

function 'trainbr' which is an inbuilt training function in the Neural networks tool 

80\. 

This imolves modifying the performance function, which is normally chosen to be 

the sum of squares of the network errors on the training set. 

This function updates the weight and bias values according to Levenberg-Marquardt 

optimization. Tt mini1nizes a combination of squared errors and weights, and then 

determines the correct combination so as to produce a network that generalizes well. 

The process is called Bayesian regularization. 

One reature of this algorithm is that it provides a measure of how many network 

parameters (weights and biases) arc being effectively used by the network. This 

effccti\e number or parameters should remain approximately the same, no matter how 

large the total number or parameters in the network becomes. (This assumes that the 

net\\ork has been trained for a sufficient number of iterations to ensure convergence.) 

The trainbr algorithm generally works best when the network inputs and targets are 

scaled so that they fa II appro xi mate! y in the range [-I, I]. 

When using trainbr, it is important to let the algorithm run until the effective number 

of parameters has converged. You can also tell that the algorithm has converged if the 

sum squared error (SSE) and sum squared weights (SSW) are relatively constant over 

se1erai iterations. When this occurs we can stop training manually. 

3.6.3.2 Early Stopping 

With early stopping methods some of the data is removed before training begins. Then 

11 hen training is done, the data that 1vas removed can be used to test the performance 

ul the learned model on "nev/' data. This is the basic idea for a whole class of model 

e1aluation methods called cross l'alidatimz. 
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The enor reduces on the training data as the training proceeds. To evaluate the 

ncmork traming is stopped periodically and substitute the test set for one epoch and 

record the sum squared enor. The error also initially goes down on the hold out data 

(\aliclation set) but then the error level rises again as the model becomes over trained. 

In the Matlab7 Neural Network tool box early stopping can be used with any of the 

mbuilt training functions. You simply need to pass the validation data to the training 

function. 

When the\ ali dation error increases for a specified number of iterations. the training is 

automatically stopped, and the \veights and biases at the minimum of the validation 

eJTor arc returned. 

Requirement of a large example data set is one drawback of this method. Another 

problem is that it docsn 't guarantee that the minimum error found is a global 

minimum rather than a local minimum. 

T\\O main approaches exist for evaluation (testing) model performance with the early 

stopping technique. 

I. Lse a single set to train and test the model using cross validation, leave-one

out, jack-knife or bootstrapping \vhen a large set of example data arc not 

available. 

I Use of an independent data set for testing. If the data set is split into two parts 

with one part for testing. it is called a split-sample approach or hold out 

method. However the independent test is optimal if the two data sets originate 

from two different sampling strategies. 

3.6.3.2.1 Hold-out method 

Split-sample or hold-out method is commonly used for early stopping in Neural 

\ct\\Orks. This is the simplest kind of cross validation. The data set is separated into 

t\\O sets. called the training set and the testing set. The function approximator fits a 

!unction using the training set only. Then the function approximator is asked to predict 

the output \ alues for the data in the testing set (it has never seen these output values 

he lore). The advantage of this method is that it is usually preferable to the residual 
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method and takes no longer to compute. However, its evaluation can have a high 

\anance. The evaluation may depend heavily on which data points end up in the 

training set and which end up in the test set, and thus the evaluation may be 

significantly dillcrent depending on how the division is made. 

3.6.3.3 Regularization Vs Early Stopping 

Both regularization and early stopping can ensure network generalization when 

properly applied. 

When using Bayesian regularization, it is important to train the network until it 

reaches convergence. The sum squared error. the sum squared weights, and the 

effective number of parameters should reach constant values when the network has 

COn\·crged. 

For early stopping. you must be careful not to usc an algorithm that converges too 

rapidly. 

• When using a fast algorithm trainlm (training with Levenberg-Marquardt 

backpropagation) set the training parameters so that the convergence is 

relatively slow 

• The training functions trainscg (Scaled conjugate gradient backpropagation) 

and trainrp (Resilient backpropagation) usually work well with early stopping 

Based on experience, Bayesian regularization generally provides better generalization 

performance than early stopping, when training function approximation networks. 

This is because Bayesian regularization does not require that a validation data set be 

separated out of the training data set. It uses all of the data. This advantage is 

especially noticeable when the size of the data set is small. 

In the present study since data is synthetically generated a large example database is 

a\ailahle. Therefore Early stopping with a Hold out cross validation is used. Also the 

automated training termination is more reliant than monitoring convergence in the 

Regularization method. 
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3.6.4 Determining Network Parameter 

t\ct\\ork. parameters are the Leaming Rate, Weight Ranges that influence the model 

performance by affecting the weights. 

The 11~ight should be initialized to small positive random values. 

Selection of a value !"or the learning rate parameter '7 has a significant effect on the 

nct11ork performance. Usually '7 must be a small number on the order of 0.05-0.25 to 

ensure that the network will settle to a solution 124]. If a small value of '7 is selected 

the net11ork 11ill have to make a large number of iterations to converge. It is possible 

to increase the value of '7 while training proceeds, to speed convergence by 

increasing the step size as the error reaches a minimum, but the network may bounce 

around too far from th.::c actual minir.mm value if '7 gets too large. 

·:v1omentum · is another technique to increase the speed of convergence. For that a 

modification is done to the \vcight update equation: when calculating weight change 

1~tlue. \,.\\' a fraction of the previous change is added. This additional term tends to 

keep the 11eight changes going in the same direction. With the momentum term the 

11eight change equation (3.22) of the output layer become, 

\\' (1 + 1) = vV'' (t) + IJ6·", i +ail W, 11 (t -1) 
'· " I" 1'1 I' 'i 

(3.29) 

Where a is the momentum parameter and is usually set to a positive value less than I. 

3.7 :\latLab Function Selection in the Modeling 

In the earlier sections some MatLab7 Neural Network functions used for the program 

de~elopment was mentioned and discussed. In this section the Training function 

selection etc. will be discussed. The MatLab inbuilt functions provide a compact set of 

functions which eliminates the lengthy programs written in the Cor C++ language. 

3.7.1 Pre and Post processing of the training database 

There arc several pre and post processing techniques available. 
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• Postmnmx. Unnormalize data which has been normalized by premnmx 

• Postreg Post process network response with linear regression analysis 

• Poststd Unnormalize data which has been normalized by prestd 

• Premnmx. Normalize data for maximum of 1 and minimum of -1 

• Prepca Principal Component analysis on input data 

• Prestd Normalize data for unity standard deviation and zero 

mean 

• Tramnmx. Transform data with precalculated minimum and max 

• Trapca 

• Trastd 

Transform data with PCA matrix. computed by prepca 

Transform data \Vith precalc. mean & standard deviation 

3.7.2 Creating a Neural Network 

'\e\df Create a feed-forward backpropagation network. The functions with input 

parameters are. 

net= ne\\ ff(PR.[S 1 S2 ... SNI]. { TF 1 TF2 ... TFNI) .BTF,BLF,PF) 

This returns an \!layer feed-forward backpropagation network (net). 

Where. 

PR- R .\. 2 matrix. of min and max values for R input elements 

S1- Size of ith layer, for Nl layers 

TFi -Transfer function of ith layer, default= 'tansig' 

BTF- Backpropagation network training function. default= 'traingdx' 

BLF- Backpropagation weight/bias learning function. default= 'learngdm' 

PF- Performance function. default= 'mse' 

3.7.3 Transfer Functions 

The transfer functions TFi can be any differentiable transfer function such as, 
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• Tansig Hyperbolic tangent sigmoid transfer function 

• Logsig Log sigmoid transfer function 

• Purelin Linear transfer function 

17.-1 Training Algorithms 

A large number of backpropagation algorithms exist [7] the training function BTF can 

be any of the back propagation training functions such as, 

• Train 1m 

• Trainbfg 

• Trainbr 

• Trainrp 

• Traingd 

• Traingdm 

• Traingda 

• Traingdx 

• trainc 

• traincgb 

• traincgf 

• traincgp 

• trainoss 

• trainr 

• trains 

• trainscg 

Levenberg-Marquardt backpropagation 

BFGS quasi-Newton backpropagati 

Bayesian regularization backpropagation 

Resilient backpropagation (network training function that 

updates weight and bias values according to the resilient 

backpropagation algorithm (RPROP)) 

Gradient descent backpropagation 

Gradient descent with momentum backpropagation 

Gradient descent with adaptive learning rate backpropagation 

Gradient descent with momentum and adaptive learning rate 

Backpropagation. 

Cyclical order incremental update 

Poweii-Bealc conjugate gradient backpropagation 

Fletcher-Powell conjugate gradient backpropagation 

Polak-Ribiere conjugate gradient backpropagation 

One step secant backpropagation 

random order incremental update 

Sequential order incremental update 

Scaled conjugate gradient backpropagation 

·Trainlm' is the default training function because it is very fast, but it requires a lot of 

memory to run. Function 'trainbrg·, is slower but more memory-efficient than 

·trainlm·. ·Trainrp·. is slower but more memory-efficient than trainbl"g. 
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Function Characteristics as described in [28] are, 

• On function approximation problems, for networks that contain up to a few 

hundred weights, the Levenberg-Marquardt algorithm will have the fastest 

comergence this advantage is especially noticeable if very accurate training is 

required. ln many cases, trainlm is able to obtain lower mean square errors 

than any of the other algorithms tested. However, as the number of \Veights in 

the network increases, the advantage of the trainlm decreases. 

• In addition, trainlm performance is relatively poor on pattern recognition 

problems. The storage requirements of trainlm arc larger than the other 

algorithms tested. By adjusting function parameters the storage requirements 

can be reduced, but at a cost of increased execution time. 

• The trainrp function is the fastest algorithm on pattern recognition problems. 

However, it does not perform well on function approximation problems. Its 

performance also degrades as the error goal is reduced. The memory 

requirements for this algorithm are relatively small in comparison to the other 

algorithms considered. The performance of Rprop is not very sensitive to the 

settings of the training parameters. 

• The conjugate gradient algorithms, in particular trainscg, seem to perform 

\\ell mer a wide variety of problems, particularly for networks with a large 

number of weights. The SCG algorithm is almost as fast as the LM algorithm 

on function approximation problems (faster for large networks) and is almost 

as fast as trainrp on pattern recognition problems. Its performance does not 

degrade as quickly as traim-p performance does when the enor is reduced. The 

conjugate gradient algorithms have relatively modest memory requirements. 

• The trainhfg performance is similar to that of trainlm. It does not require as 

much storage as trainlm, but the computation required docs increase 

geometrically with the size of the network, since the equivalent of a matrix 

inverse must be computed at each iteration. 

• The variable learning rate algorithm traingdx is usually much slower than the 

other methods, and has about the same storage requirements as trainrp, but it 

can still be useful for some problems. There arc certain situations in which it is 

better to converge more slowly. For example, when using early stopping you 

mav have inconsistent results if you use an algorithm that converges too 
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quickly. You may overshoot the point at which the enor on the validation set 

is minimized. 

3.7A.l Choosing a training Algorithm 

\lultilayer nctv,orks typically usc sigmoid transfer functions in the hidden layers. 

These functions are often called "squashing" functions, since they compress an infinite 

input iange into a finite output range. Sigmoid functions are characterized by the fact 

that their slope must approach zero as the input gets large. 

The hasic backpropagation algorithm adjusts the weights in the steepest descent 

direction (negative of the gradient).This causes a problem when using steepest descent 

to train a multilayer network with sigmoid functions, since the gradient can have a 

\ery small magnitude: and therefore. cause small changes in the weights and biases. 

e\en though the weights and biases are far from their optimal values. 

The purpose of the resilient backpropagation (Rprop) training algorithm is to eliminate 

these harmful effect-; of the magnitudes of the partial derivatives. Only the sign of the 

derivative is used to determine the direction of the weight update: the magnitude of 

the derivative has no effect on the weight update. 

Also it turns out that. although the function decreases most rapidly along the negative 

of the gradient. this does not necessarily produce the fastest convergence. 

In the conjugate gradient algorithms a search is performed along conjugate directions, 

which produces generally faster convergence than steepest descent directions. 

In most of the training algorithms a learning rate is used to determine the length of the 

\\eight update (step size). In most of the conjugate gradient algorithms, the step size is 

adjusted at each iteration. A search is made along the conjugate gradient direction to 

dctenmne the step size, which minimizes the performance function along that line. 
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