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Summary 

This thesis considers the application of neural networks in cost estimating in 

project management and whether they lead to more accurate estimates. It strikes 

two areas of research, namely neural networks and project management; an 

introductory chapter on both subjects is included. The statistical problem of 

parametric cost estimating is described and an explanation of the general 

principles is given. The Multi-Layer Perceptron with the Backpropagation 

learning algorithm is detennined to be the most appropriate network and a 

selection of available software programs is reviewed. 

A Multi-Layer Perceptron neural model is used to determine one of the most 

important cost estimating relationships of the PRICE model . A comparison of the 

outputs of the neural network and the PRJCE model shows that the 

Backpropagation algorithm is able to find the underlying estimating relationships 

used by PRICE. 

To investigate whether other underlying functions can be found with artificial 

intelligence methods, other input parameters are selected and the costs generated 

by the PRICE model and by the neural network are compared with each 0th.er. 

Further experiments were undertaken in order to improve the performance of the 

neural network. The neural networks were applied to real data. and their output 

compared with the PRICE model. The processes of achieving better results are 

analogous to those used for the artificial data. A neural network was created 

which performs better than the PRICE model in terms of the accw·acy of the 

estimates produced. 

The results are discussed and the collection of significant and accurate 

information and then deciding on which type of network is the best network to be 

· used are identified as the major problems in the application of artificial 

intelligence for cost estimation in project management. The limitations and 

restrictions of the implementation of neural networks are examined and the scope 

and topics of further research are suggested. 
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1 General introduction anrl outline of the thesis 

1 General introduction and outline of the thesis 

Project management depends on achieving the goal of the desired outcomes or 

product of a project within deadlines and within resources constraints . 

Cost estimates should be undertaken in order to evaluate whether the expected 

inputs and outputs are acceptable. If a company decides to apply formal methods 

for cost estimation within the organisational structure there are several methods 

they can choose from. 

Chapter 3 reviews the literature on cost estimating in project management. A 

distinction is made between different methods of cost estimates. Parametric cost 

estimating methods are explained in more detail as these are among the most 

frequently applied methods and particularly as their mathematical framework 

provides a basis for following chapters of the thesis. 

The application of cost estimating relationships (CER) in parametric estimating 

methods assumes a correlation between those compo 1ents which have been used 

to establish the CER and that element which is estimated. Lockheed Martin 

Marietta PRICE Systems is the market leader in providing a computer aided 

project cost estimating tool based on the ER. PRICE uses parameters including 

for example the length of production run, the number of prototypes, volume, 

platform, production complexity, development complexity, starting date and 

deadline for development and production as universal cost drivers to determine 

the costs of a component. 

When new CERs are generated a regression analysis is performed and that is 

based on many data samples. The major disadvantage of this regression analysis is 

that it is only able to find linear functions in the data set. Particularly for multi­

dimensional data (e.g. several input CERs to determine the cost) finding non 

linear functional connections is at least very complicated if not impossible. ince 

12 



1 General introduction and outline of the thesis 

it can be assumed that many CERs are not linear to their costs it would be very 

interesting to develop a procedure which is able to find non linear relationships. 

This is where artificial intelligence may be useful. Neural networks are able to 

detect interdependendencies between input and output parameters during a 

learning phase and then to apply this knowledge to comparable data. To 

understand the basic ideas of neural networks and their mathematical background 

chapter 2 of this thesis provides an introduction to artificial intelligence and 

describes the structure and learning algorithm of a selection of some typical neural 

networks computer software. Typical applications and their limitations 

in these areas are also reviewed. 

Project cost data generated from the PRICE model is applied to train a neural 

network with this information. The object is to determine to what extent a neural 

network is capable of simulating an already existing mathematical model that is 

based on CERs. 

The next section examines whether neural networks are able to represent the 

complete cost function of the PRICE model by applying input parameters other 

than complexity values. Several tests were undertaken in order to improve the 

performance of the neural network. Doing so lead to a closer insight into training, 

data normalisation and other possible influences of data representation. 

TI1e results indicate that the neural networks are quite sensitive to the data and the 

underlying function . Extensive statistical analysis on the data was necessary and 

therefore the question arises whether it is still useful to use artificial intelligence if 

all the statistical work cannot be avoided. 

In the last test a new normalisation method is developed which does not require 

any statistical analysis at all and the results of the neural networks were 

acceptable. It still bad to be shown that this kind of norma.lisation can also lead to 

good results for other data sets where the underlying function is different to the 

applied data base. The next task is to show that neural networks can perfonn 

better on real world data than these existing parametric cost estimating models. 

13 



t General introduction and outline of the thesis 

With the help of real cost data provided by Daimler Benz Aerospace Airbus in 

Germany (DASA), the complexity value of the PRICE model was detennined and 

then compared to an calculated complexity value of the neural net. 

The neural networks performance improved within several tests which where 

similar to the previous chapter except that this time an extensive statistical 

analysis was not possible due to lack of sufficient data sets. 

The new normalisation method which was applied within the last tests again lead 

to the best results. It can be asserted that this new normalisation method can help 

the neural network to perform acceptably well. 

In the last chapter the discussion and conclusions of the findings 

throughout the thesis are included. Gathering significant information 

and applying the possibly best network are stressed as major problems 

in the use of artificial intelligence for cost estimation in project 

management. The limitations and restrictions of the implementation of 

neural networks are examined and the potentials for further research 

are suggested. 

14 



2 Neural Networks 

2 Neural Networks 

2. 1 Introduction 

Neural network technology is a relative newcomer to many application areas. Its 

widespread use today is fraught with difficulties in achieving optimum 

performance, of monitoring their activity, and integrating them into existing 

solutions and operating environments. But most of all, there is a purely practical 

process of learning involved in understanding what neural networks are about, 

how they operate, and what they can do. 

This chapter presents a brief overview of the principles of artificial neural 

networks and describes some of the most important types of networks.1 

2.2 The Human Brain 

The brain receives, processes and answers stimuli through receptors. Receptors 

register light, pressure, temperature etc. and code these stimuli in such a way that 

they can be sent by the nervous system to the brain. Most signaJs reach tl1e 

neocortex in the brain. The elementary processing units in the brain are n urons 

(see Figure 1). These cells exchange electrochemical signals that can xcite each 

other. Like any other processor they have input and output. They rec ive the 

electrochemical stimulus through dendrites from other neurons. The neuron 

becomes active if the electrochemkal input exceeds a certain level. It sends an 

electrical impulse via the axon to other neurons. Between the dendrites and the 

neuron is a cell that either excitates or inhibits the signal. These cells a.re called 

synapses. The synapses can change its effect on the signal over the time. 

1 Lisboa, P. G. J. : neural networks - current applications, Chapman & Hall, 1992, London, p. 

xvm 
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2 Neural Networks 

a 

d = dendrites 
a = axon 
s = svnapses 

Figure 1: basic structure of the human neuron 

Therefore it is essential for the leam.ing process. In an artificial neural network the 

synapses is represented by a positive or negative factor. 2 

The human brain has about 1010 neurons and each neuron is connected with about 

10,000 other neurons that results in IO 14 nodes altogether. Putting all axons in a 

line they reach a length of about 500,000 km. At birth all neurons already exist 

although they are not connected. The connection starts with the learning process. 

Learning therefore describes the building up of connections between neurons. 

Every training strengthens the connection while missing training disintegrates the 

connection, that is to forget. 3 

The brain functions associatively. That means that the brain sets up group of 

neurons (assemblies) that cover other assemblies for example some neurons 

represent both assembly "lightning" and assembly "thunder" . The activation of 

assembly" lightning" therefore activates part of the assembly "thunder" or: If l 

see lightning I automatically think of thunder, too. 4 

2 J(jnnebrock, Prof. Dr. Werner: NcuronaJe Nelie: Grundfagen, Anwcndungen, Beispielc, 

Oldenbourg, Miinchen, 1992, p. I I, 12 
3 Kinnebrock, Prof. Dr. Werner: NeuronaJe Netze: Grundlagen, Anwendtmgcu, Beispiclc, 

Oldenbourg, Miinchen, 1992, p. 13 
4 J{jnnebrock, Prof. Dr. Werner: Neuronale Netze: Grundlagen, Anwcndtmgen, Bcispielc, 

Oldenbourg, Miinchen, 1 992, p. 14- 15 
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2 Neural Networks 

- bias Wl W2 W3 

ifQ)00 
Figure 2: mathematical neuron 6 

2.3 Mathematical Description 

A neuron is a processor that is either active or inactive. This is represented with 

the binary values of O and 1. Because the input values come from other neurons 

they are either O or I, too. The strength of each synaptic junction is represented by 

a multiplicative factor or weight, with a positive sign for excitatory connections 

and negative othetwise. If the sum of incoming signals exceeds a certain threshold 

then the neuron becomes active (it "fires"). 5 Mathematical summary: 

Definition (neuron): it , h, h, ... in are input values of O or 1. Wt , W 2, W3, ... Wn are 

synapses values of any number (weights) and 

net = L Wj * ij 

represents the cumulative input. Then 

o = f(net-0) 

{ 
l ifx > 0 

is the output of the neuron. The function f(x) is defined with: f(x) = 
0 if X ~ 0 

In Figure 2 the neuron is shown graphically. f(x) represents the transfer fonction . 

Common transfer functions are the binary function, the signum function f(x) = 

{
lifx > O 

. or the squashing function f(x) = l/(l + exp(-c*x)). Mathematically 
-I 1f X ~ 0 

5 Ritter, H., Martinctz, T., Schult.en, K.: Neuronale Netzc, Adtlison-Wcslcy, 1992, p.2 
6 K.innebrock, Prof. Dr. Werner: Neuronalc Net1...e: Gnmdlagen, Anwendtmgen, Bcispiolc, 

Oldenbourg, Mi.incben, 1992, p. 17 
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2 Neural Networks 

~ 
3 -1 

- 1 

Figure 3: Example of a neural network 

the threshold (bias) can be represented as fixed incoming input signal. If so then 8 

= 07. 

2.4 Neural Networks 

Connecting several neurons with each other creates a neural network (Figure 3). 

The net inputs are i 1 and h and the outputs are 01 , 0 2 and 0 3. The weights are 

shown on each connection. For every input value (i1 , ii) one output value exists 

(01, 0 2, 03). Therefore this neural network can be represented by the following 

logical function: 

o = f(net-0) 

01 = f(netl - 0) 

0 2 = f(net2 - 0) 

03 = f(net3 - 0) 

net = LWj * ij 

netl = -1 *i 1 + 2 *h - I 

net2 = 3*h - 1 *h - 2 

net3 = 2*ii + ii + I 

f = binary function, 0 = 0, because Bias is represented as fixed incoming input 

signal) 

7 Kinnebrnck, Prof. Dr. Werner: Ncnronale Netze: Gmndla •en, Anwend1mgen, Beispiele, 

Oldeubourg, Mfrncheu, 1992, p. 15-18 
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2 N cural N ctworks 

The same equations expressed in vector terms is: 

A single-layer neural network can be defined by: 

Definition (single-layer neural network): A single-layer neural network can be 

represented by a n*m matrix W with its elements ofreal numbers and a transfer 

function f. Every input vector i is related to one output vector o according to the 

regulation: 

o = f(net - 8) (8 = hard-limited vector) 

net = W * i 

In a graphically represented neural network every input can be connected with 

every output. The matrix elements (weights) are added to the 1ine. The threshold 

is represented by a bias. 8 

In a multi-layer network there is at least one hidden layer (Figure 4). Its excitation 

levels are set by the externally imposed input pattern. These levels ar inputs for 

the following layer. The mathematical expression for a hidden layer con-esponds 

to a single-layer neural network: 

h = f(netl - 81) 

netl = W1 * i 

(h = hidden layer, i = input vector, 8 1 = threshold vector, W 1 = matrix of weights 

of the first level). 

8 Kinnebrock, Prof. Dr. Werner: Neuronale Netze: Gmndlagen, Anwendungcn, Beispiele, 

Oldeubonrg, Miinchcn, 1992, p. 19-23 
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2 N cural N ctworks 

2 3 3 

-~ 

- 1 2 · -2 

-2 

~ 1 

2 

u-, 
~ 

Figure 4: multi-layer network9 

The output layer therefore is: 

o = f(net2 - 82) 

net2 = W2 * h; (o = output vector, W2 = matrix of weights of the second level) 

Referring to the definition of a single-layer neural net the network in Figure 4 can 

be expressed as : 

hl = f(2*i1 -2*i2 - I) 

h2 = f(-2*ii + 2*h-1) 

ol = f(-3*h1 + 0*h2 + 2) 

o2 = f(3*h1 + 3*h2 - 2), 

or with vectors 

(f = transfer function). 

9 
Kinnebrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagen, A11wendungen, Beispiele, 

Oldenbourg, Miinchen, 1992, p. 27 
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2 Neural Networks 

lt 12 h1 h2 o, 02 

0 0 0 0 0 

0 0 

0 0 0 

0 0 0 

Table 1: values of network 

or 

In order considerate the threshold we add 1 to the input vector. This bias 

represents the threshold. Table I shows the values of the hidden layer (h, , h2) and 

the output values (01 , 02) depending on the input (i, , h). The mathematical rule for 

a two-layer neural network is 

Definition (multi-layer neural network) 10
: i is the input vector, o is the output 

vector and hl , h2 ... are vectors of the hidden layers. f is a transfer function and 

W1, W2, W3 ... are Matrices. An-layer neural network with input i and output o is 

h1 = f(W1 *i) 

h2 = f{W2*h1) 

h3 = f(W3*h2) 

The thresholds are considered in the matrices as bias. The vectors h1 , h2, h3 ... 

represent the hidden layers. 

10 K.innebrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagen, Anwendungcn, Beispiele, 

Oldenbourg, Miinchen, I 992, p. 29 
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2 Neural Networks 

2. 5 The Delta-Rule 

To represent a certain function the weights of the neural net must be chosen 

correctly. For this purpose the real output vector is compared with the desired 

output vector. Widrow and Hoff developed the following formula: 11 

l'ioj is the difference between the desired output and the real output during the 

learning process. After the weights have been changed with l'iwij another l'ioj is 

calculated to evaluate another l'iwij. The weights will not be corrected further if the 

real output equals the desired output (Lioj = 0). cr is a constant factor ( I >cr>O) 

which determines the speed of the learning process. If cr is very small the learning 

is too slow but if cr is too big the learning algorithm might oscillate between 

negative and positive values. The following chapters about learning algorithms 

show how th.is formula is used to train a neural net 12
. 

2.6 Feedforward Networks 

Generally two types of networks exist; feedback and feed forward networks. 

Feedback networks use their output as input again while a feedforward network 

calculates one output value only for each applied input value. The data processing 

can be seen as a forward flow and therefore this process is called feedforward 

network. The output vector is not reused as input vector. This type of network is 

also known as "hetero associative network" . 13 

11 Wid.row, B. Hoff, M. E.: Adaptive switching circuits; Ire Wescon Convention Record, New 

York, 1960 
12 Kinnebrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagen, Anwendungen, Bcispiele, 

Oldenbourg, Miinchen. 1992, p. 24 
13 Rieger, Anke: Forschungsbericht Nr. 508/93, Neuronale Netzwerke, 1993, Dortmund, p. 5 
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2 Neural Networks 

Figure 5: Structure of Adaline 15 

2.6.1 One Layer Network: Adaline 

2.6.J.1 Structure 

Adaline is an abbreviation for" Adaptive Linear Neuron". The network has got 

one layer only and the input and output values are binary values of -1 and + 1 . The 

general structure is shown in Figure 5. 14 

2.6.1.2 Leaming Algorithm 

To train Adaline the following supervised learning algorithm is used. 

I . Choose random numbers for the weights Wij . 

2. Choose any input vector ij. 

3. Change the weights according to the following rule: 

6Wij = ( ex. * ij * ~)/(n+ 1 ), while ti = Oi - LWij * ij = Oi - net represents the 

difference between desired output and calculated output for i. l>cx.>0 is a 

small number which corresponds to cr in the Delta Rule (see chapter 2.5). 

14 Widrow, B. Hoff, M. E.: Adaptive switching circuits; Ire Wescon Convention Record, New 

York, 1960 
15 Kinnebmck, Prof. Dr. Werner: Ncuroualc Netze: Gnmdlagen, Anweudungen, Beispiele, 

Oldenbourg, Miinchen, 1992, p. 32 
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2 Neural Networks 

4. Repeat steps 2 and 3. The algorithm is finished when the network calculates 

the right output vector for any input vector. 16 

2.6.1.3 Summary 

Adaline is a very simple network with a relatively lavish learnfog algorithm. The 

formula for the correction of the weights originates from the delta-rule. The 

learning algorithm increases the weights if net is too little or it decreases the 

weights if net is net is too big. Not every function can be represented with Adaline 

(i.e. xor-function). 

2.6.2 One-Layer Network: Perceptron 

2.6.2.J Structure 

The structure of the Perceptron is similar to Adaline. TI1ere are two main 

differences: 

1. The binary input and output values are O and l . 

2. To calculate the change of weights tiw during the learning algorithm the 

output value of the neuron (f(net)) is used instead of the net value (net). 

2.6.2.2 Learning Algorithm 

Because f(net) is used to calculate the change of weights for the Perceptron there 

is only the fo11owing difference to Adaline in the learning algorithm: 

tiwij = a *i1*ei 

ei = oi-f(l:k*wi/ij) = Oi- f(uet1) 
17 (Adaline is calculated with: Oi- net1) 

16 Kinnebrock, Prof. Dr. Werner: Nemonale Netze: Gnmdlagen, Anwenduugen, Beispie.le, 

Oldenbourg, Miinchen, 1992, p. 33 
17 Kinnebrock, Prof. Dr. Werner: NeuronaJe Netze: GmndJagen, Anwendungen, Beispicle, 

Oldenbourg, Miinchen, 1992, p. 35 
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Figure 6: Structure of Madaline 

2.6.2.3 Summary 

Perceptron and Adaline are very similar and represent very basic and simple 

networks. Their simplicity helps to understand typical problems of parallel and 

adaptive systems. As any one-layer network they can be used for linear 

classification only. 18 

2.6.3 Multi-Layer Network: Madaline 

2.6.3.1 Structure 

Madaline is an abbreviation for "Multiple Adaptive Linear Neuron". Its structure 

is similar to the Adaline except there is an output layer with one output element 

added. The second layer has fixed weights(= I). Therefore the learning ability of 

the network is limited to the first layer (Figure 6). 

2.6.3.2 Learn.i11g Algorithm 

I. Choose any input value and calculate the output value o. 

2. If o = t (target value), then repeat step one, othe.rwise go to 3. 

18 Riller, H., Martinetz, T., Schulten, K.: Ncuronale Nctze, Addison-Wesley, 1992, p. 32 
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3. Choose node h of the bidden layer with: 

a) I net1i I bas the smallest value 

b) net11 bas the wrong sign 

4. for this node do a learning step according to the learning algorithm of 

Adaline. 

1. Go to step 1. 19 

2.6.3.3 Summary 

With this learning algorithm only that node of the hidden layer is changed where a 

relatively little change of weight can cause a change of their sign and therefore 

have a considerable high impact on the output. If this is not sufficient to correct 

the output value the same learning step can be repeated for another node. 

2.6.4 Multi-Layer Perceptron 

2.6.4.1 Structure 

The multi-layer Perceptron is a multi-layer neural network with different hidden 

layers. Every element of one layer can be connected with any element of the 

following layers. Every layer can have a bias. As transfer function usually the 

squashing function (f(x) = L/( 1 +exp(-c*x))) is chosen (Figure 7). 

2.6.4.2 Summary 

Any logical function can be represented with the network. Because less weights 

need to be corrected networks with many neurons and a few connections only can 

be trained faster than networks with a few neurons and many connections.20 Any 

19 Kinnebrock, Prof. Dr. Werner: Nemonale Netze: Gnmdlagen, Anwendungen, Beispiele, 

Oldenbourg, Miinchen, 1992, p. 38 
20 Kinnebrock, Prof. Dr. Wemer: Neuronale Netze: Gnmdlagen, Anwendnngen. Beispielc, 

Oldenbourg, Miinchen, 1992, p. 39 
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Figure 7: Multi-Layer Perceptron 

function that transfers n input values to k output values can be represented with a 

two-layer neural network. 

2.6.4.3 Learning Algoritltm: Backpropagation 

Because a two-layer network is sufficient to represent any function the 

Backpropagation-method is explained for a two-layer network. The formulas to 

calculate the output vector are 

(1 ) o = f(W 1 * h) 

(2) h = f(W2 * i). 

In order to differentiate we use the squashing function (3) f(x) = 1 /(1 + exp(-c x)) 

as transfer function. The error of the network is calculated with (4) E = ½ * ~ (ai -

oi)2 while a is the aimed value and o the real output value. To improve the 

performance of the network E should become smaller (if possible 0) during the 

learning algorithm. If the weights (Aw\ for W1 and Aw\ for W2) are adjusted to 

the following rule E will decrease: 

Aw\ = a. *e/hj 

Aw\ = a.*~im*W1m/ij 
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If you put equations ( 1 ), (2) and (3) into ( 4) and if you correct the weights 

according to the above mentioned algorithm you can prove with the gradient 

descending method that E becomes smaller. 21 

The formulas for L\w\ and L\w\ can be improved by the following algorithm: 

L\w\ = a.*Ei*o/(1-oi)*hj 

L\w\ = a. *Lnem *om *(1-om)*w1 mi*h/(1-hi)*ij 

This correction of the weights is more precise because the weights will be hardly 

changed if the neurons are close to their aimed values (0 and 1 ). If the neurons are 

indifferent (about 0.5) the change of weights is relatively high . 

2.6.4.4 Summary Of Backpropagation 

The advantage of the Backpropagation method is that there is a mathematical 

formula which can be used for any network. There is no need to consider any 

properties of the represented function. Unfortunately the number of learning steps 

is very high and therefore the learning phase can last very long. 

The main disadvantage ofBackpropagation is that the error-function is 

minimised. As in any other mathematical differentiation only a local minimum 

could be found although the absolute minimum is necessary to represent the right 

function. If only a local minimum is found many output values are close to the 

desired output values but they will not match them exactly. 

If the number of hidden nodes is too little the desired function possibly cannot be 

represented because the capacity of the network is not sufficient. If the number of 

neurons in the hidden layer is enlarged the number of independent variables of the 

error-function is enlarged, too. This leads to a larger number of minima and the 

network might run into one of these local minima during the learning algorithm. 

21 Hinton, G. E., Rumelhart, D. E., Williams, R. J.: Leaming Representations by Backpropagat:ion 

ElTOrs, Nat1u-e 323, 1986, p. 533-536 
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Furthermore the learning phase lasts longer with each neuron that is added to the 

hjdden layer. 22
. 

2.6.4.5 Afo111enfl1111 Methot! 

The purpose of the momentum method is to accelerate the convergence of the 

error back-propagation learning algorithm. The method involves supplementing 

the current weight adjustments with a fraction of the most recent weight 

adjustment. This is usually done according to the formula : 23 

0<µ<1 helps to avoid oscillating at the beginning of the learning phase because if 

w changed it sign during each step then w1ewij would be very sma11 because w01dij 

and L\wij almost elimjnate each other. During the learning process µ increases 

learnjng speed because w01di.i and L\wij raises the amount ofw°ewij-

This is essentially a low-pass filter applied to the search direction. The idea .is that 

ifrapid local fluctuations are filtered out, the remaining trend will be toward a 

more global minimum. This is an extremely effective technique, often speeding 

convergence by several orders of magnitude; yet, it is not a perfect solution. If too 

much momentum is used, the algorithm will not be able to follow the twists and 

turns of the error function. 25 

22 Kinnebrock, Prof. Dr. Werner: NeuronaJe Netze: Gnmdlagen, Anwendtmgen, Beispiclc, 

Oldenbourg, Miinchen, 1992, p. 40-42 
23 Zurada, Jacek M.: Introduction To Artificial Neural Systems, West Publishing Company, St. 

Paul, 1992, p. 211 
24 Kinnebrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagen, Anwendungen, Beispiele, 

Oldenbourg, Miinchen, I 992, p. 43 
25 Masters, Timothy: Practical Neural Network Receipes In C++, Academic Press, S,m Diego, 

1993, p. 101, 102 
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Figure 8: Structure of a Hopfield Network 

2. 7 Autoassociated Networks 

The previous section dealt with networks where one output vector is assigned to 

one input vector. The data processing can be seen as a fmward flow from input to 

output and therefore this process is called feedforward network. To train the 

following networks the output is reused as input (feedback). Networks of this 

structure are called autoassociated networks.26 

2.7.1 The Hopfield Model 

2. 7.1.1 Structure 

The topology of a Hopfield network is simple. Every neuron is connected with 

each other (Figure 8). The input values are binary. The following applies for the 

weights: 

1 . Wii = 0 for every i 

The network is calculated with 

3. Oi = f(~wi/i_;-8i) 

26 Kinnebrock, Pro f. Dr. Werner: Neuron:ilc Netze: Gnmdlagcn. Anwcndm1gen. Beispiclc, 

Oldenbourg, Miinchen, 1992, p. 50 
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If oi is reused as input value for the network new net values are calculated. The 

network eventually converges which means that output and input values do not 

change anymore. 27 

2. 7.1.2 Energy Function 

The input vector which keeps the network in balance (output = input) is called 

pattern.28 In a Hopfield network several patterns can be defined. But why does the 

network recognize a pattern? This question can be answered with the energy 

function . For each input vector the energy of a network can be calculated. With 

each iteration the vectors lower their energy potential until a vector is found 

which represents a local minimum on the energy function 29
. Hopfield networks 

are mainly used for pattern recognition. 

2. 7.1.3 Leaming Algorithm 

To save a pattern it must be described with a n-dimensionaJ vector v. The co­

ordinates of vector v are Vj G = 1, 2, 3, ... n). If you put 

{
O if i = k 

W ·k= 1 

a; * ak if i * k 

then the network stores the pattern v via matrix W = (Wik) and Ok = o. 

The above mentioned rule is used to save one pattern. But usually more than one 

pattern should be stored in a network. To find out how many patterns can be 

stored in a network the following rule exists: 

A Hopfield network is represented by a matrix W and k patterns and n 

dimensions. Providing that there is no correlation between the patterns for each 

27 Kinnebrock. Prof. Dr. Werner: Neuronale Netze: GrnncUagcn. Anwcndnngcn, Bcispiclc, 

Oldenbourg, Miinchen, 1992, p. 51 
28 Kinnebrock, Prof. Dr. Werner. Neuronale Netze: GmndJagcn, Anwendungcn, Bcispiclc, 

Oldenbourg, Mi.inchen, 1992, p. 53 
29 Hopfield, J.J. :Nenral Networks and physical systems with ·mcrgent collective computational 

abilities. Proc. of the Nat. Academy of Science 79, Wa, hington, 1982 
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input a pattern can be fount with the probability of p ~ 0,99 if the number of 

patterns does not exceed 15% of the number of dimensions (k s; 0, 15*n). 30 

2. 7.1.4 Summary 

Hopfield networks are mainly used for pattern recognition. TI1e prerequisite is that 

the patterns (e.g. v1, v2) do not correlate. The correlation u is calculated with u = 

(Lv 1 *v2)/n. If u is close to O the correlation between v 1 and v2 is little. In reality 

patterns unfortunately do correlate. If there is correlation between the patterns 

there are further minima on the energy function next to the minima whkh 

represent the pattern. The network gets stuck into one of these minima which do 

not represent the function. Getting rid of these minima of the energy function 

might have a disadvantageous influence on the storing of other patterns. Tn 

addition to that Hopfield networks are unable to recognize patterns which are 

enlarged or reduced or shifted. 

2.7.2 Simulated Annealing 

2. 7.2.J Procedure 

As the section on Hopfield networks described, every minimum of the energy 

function can represent a pattern. For some optimisation problems the absolute 

minimum of the energy function is requfred. Simulated annealing is generally 

similar to the Hopfield network. During its iteration it runs into a minimum of the 

energy function . The main difference is in the tran.sfer function. Instead of the 

binary function the squashing function (f(x)=l /(1 +exp(-xff))) is used. Tt 

determines the probability for each vector to reach a lower energy level. While a 

Hopfield network aims at the nearest minimum during the simulated annealing a 

vector can "jump" out of the minimum and reach a lower energy level on any 

place of the function. The squashing function is determined that way that the 

3° Kinncbrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagcn, Anwcndungen, Beispi le, 

Oldcnbourg, Miiuchen, 1992, p. 57 
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probability ofleaving a local minimum is very high at the beginning of the 

iteration. During the process this probability is decreased until the minimum 

which has been reached then can hardly be left. There is a high probability that the 

absolute minimum is reached. 

2. 7.2.2 Summary 

Because simulated annealing is used for optimisation problems it is ideal for 

solving problems such as the travelling-salesman problem.31 Because simulated 

annealing is based on a statistical method the absolute minimum is found with a 

very high probability but not with certainty. In addition to that simulated 

annealing is used in the field of job-planing (e.g. optimal use of mach.ineryf 2 and 

packaging problems.33 

2.7.3 Boltzmann Networks 

2. 7.3.1 Structure 

The Boltzman network is a development of Ackley, Hinton and Sejnowski. Its 

structure is similar to the Hopfield network34 35
• However the neurons ofth.e 

network are divided into three groups (input, output and hidden nemons) (Figure 

9). 

31 Dnrbin, R., Willshaw, D.: An analogue approach to the travelling sa.lesman problem using an 

elastic net method, 1987, N aturc 326:689-691 
32 Hopfield, J. J., Tank, D. W.: Kollektives Recbnen mit nettroneniihnlichen Scllllltkreisen 

Spektmm der Wissenscha.ft, Computersysteme, 1989 
33 Dowsland, K. A.: Variants of simulated annealing for practical prob] m solving, Applications of 

Modern Heuristic Methods, (ed. V. J. Rayword-Smilh) Alfred Waller, Hen]cy-on-1l1amcs, 1995, 

3-16 
34 Ackley, D. H., Hinton, G. E. , Sejnowski, T. J.L.: A teaming algo1ithm for Boltzmann m11chincs, 

Cognitive Sciences, 9, 1985 
3 Aarts, E., Korst, J.: Simulates Annealing and Boltzmann Machines, Chichester, 1990 
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in hidden out 

0 0 0 0 ... 0 0 

0 0 0 0 ... 0 0 

0 0 0 ... 0 0 

0 0 0 0 ... 0 0 

Figure 9: Boltzmann Network 

After feeding the network with input values the simulated annealing process is 

started for the network until the output neurons do not change anymore. During 

the annealing process the input values must not be changed. The output neurons 

deliver the result. 

2. 7.3.2 Learning Algorithm 

The basic idea of the learning algorithm is the following: 

Simulated annealing is applied 

a) only for the hidden cells whlJe input and output values are externally added. 

b) for the whole network (the network runs free) 

Both procedures are repeated by terms and after each simulation the weights are 

changed that way that both procedures come closer to each other. TI1e aim is to 

get those weights that represent the same function during the free nm (b) as in. (a). 

If thls succeeds the network represents the right function. Because of the very 

limited use of this type of network no further mathematical algorithms are 

explained.36 

36 Kirmebrock, Prof. Dr. Werner: NeuronaJe Netze: Gmndlagen, A:nwcndungcn, Bei.;;pielc, 

Oldenbourg, Miinchen, 1992, p. 72 
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2. 7.3.3 Summary 

The Boltzmann network can be used for the associated storage of data. This 

means: If the network fed with partial information only the network can 

associatively complement the missing information. A problem is to determine the 

number of hidden neurons. It surely depends on the complexity of the represented 

function although there is no evidence about the extent. Along with that the 

learning algorithm requires much calculating. 

2. 8 Self-organizing Networks 

Teupo Kohonen developed a network which method of functioning possibly 

comes closest to the biological brain.37 

2.8.1 Sensor Map 

2.8.1.1 Structure 

If neighbouring spots oftbe skin are touched the stimulus is sent to neighbouring 

groups of neurons in the brain. If different stimuli are similar, similar groups of 

neurons are activated in the brain. There is another example in the field of 

acoustics. Every frequency activates a certain group of neurons. Neighbouring 

frequencies make neighbouring groups of neurons active. Kohonen developed a 

network where always a group of neighbouring neurons reacts on a stimulus. 

During the learning process the weights of neighbouring neurons are changed 

with the weight of the mainly activated neuron, too. To implement this feature 

into a neural network all neurons must be connected with each other that means a 

feedback network is required. 38 

37 Kohoncn, T.: Self Organization and Assoziative Memory, Springer, Berlin, 1988 (2. Edjtion) 
38 Kinnebrock, Prof. Dr. Werner: Nenronale Netze: Gnmdlagen, Anwend1mgcn, Bcispiele, 

Oldenbourg, Miinchen, 1992, p. 83, 84 
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weights 
r.; 

Wij 

Figure 10: Kobonen Network 

In Figure l O each neuron of the upper layer is connected with the input neurons 

and each other. Each neuron can be calculated with bj = f(l:k Wjk *ik+Lk r jk *bk-o_i) 

while fjk is the weight of the feedback. 

Feedback coefficients are set up that way that they have a hampering effect over 

long distances and a stimulating effect for short distances to other neurons in the 

network. They are positive for neighbouring neurons and negative of distant 

neurons. If the stimulating or hampering effect is sufficient you can prove that 

with any input only a neighbouring group of neurons is made active. 

According to Figure IO the following weights can be chosen: rij = exp(- I Xi-Xj I 2/ 

(2*cr2). This formula contains the two-dimensional Gauss-distribution with a 

variance cr2
. Xi and Xj are position vectors and correspond to the neurons in the 

lattice. TI1e bigger the difference between Xi-Xj the smaller the coefficient. rii 

strives for O for big distances. Close neurons are strongly influenced. The variance 

cr2 determines the spread of the distribution, in this case the radius of influence of 

the neuron on its neighbouring neurons. 

With a biological brain as example the weights Wij should be chosen that way that 

a net input makes on.ly a local group of neurons active. AJl other neurons remain 

uninfluenced. 

Furthermore there is the following rnle: 
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If the input vectors are only slightly changed also the location of activated 

neurons is only slightly changed. Therefore for every input vector i a location 

vector x is assigned while x represents the location of the neuron in the lattice that 

is mainly stimulated by input i. Neighbours of x are stimulated, too. 

Therefore the weights have to be chosen according to the function x = <l>(i) which 

applies for every input vector i the accompanying location vector. ff I stands for 

all possible input vectors i and if A stands for the lattice of neurons then we have 

the following function: <l>:I➔A while I c Ru and Ac R2
. Function <I> should be as 

steady as possible. 39 

2.8.1.2 Learning Algorithm 

1. Choose all weights Wik in and Wik out by random. 

2. Choose .input vector i (stimulus) according to a distribution function p(e). 

3. Look for neuronj where I.k (ik -Wjk)2 has the smallest value (centre of 

stimulation). 

4. Improve all weights according to Wikncw = Wik old + e * Tij * (ik - Wikol<l) 

while j is the neuron from step (3). 

5. Go to (2) 

(e>O) 

For 2) The input values that are used relatively often should also often be used 

during the learning algorithm. For this data the network is trained better. 

For 4) At the beginning the adaptation should be carried out with relatively big 

values fore (es; I ). Later on e is decreased to reach convergence (Jim for 

e➔oo = 0). 

Another important parameter for the learning algorithm is the variance cr2 for the 

feedback weights rij [rij = exp(- I xi-Xj I 21 (2*cr2
))]. cr2 represents the range of the 

feedback. The bigger cr2 the larger the radius in the lattice of neurons where Tij is 

39 Kinncbrock, Prof. Dr. Wcmcr: Neuronale Netze: Gnu dlagen, Anw ndtmgen, Bch,'l)iclc, 

Oldenbourg, Miinchen, 1992, p. 80 
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output 

net 

input 

Figure 11: Motor Map 

corrected. At the beginning of the learning algorithm a large cr2 should be chosen 

to determine the rough structure of weights. After that cr2 should be decreased to 

shape a finer structure. The right choice of cr2 and e is important for a successful 

learning. If these parameters become small too quickly the network does not find 

its global balance. If the parameters converge is too slowly the calculation time is 

unacceptably long.40 

2.8.2 Motor Map 

2.8.2.1 Structure 

The structure of the motor map is very similar to the sensor map. On top of the 

sensor map is an output layer that uses the activation of groups of neurons on the 

sensor map as input values (Figure 11 ). These output values can be used to control 

an action ( e.g. robot control). 

2.8.2.2 Leaming Algorithm 

l . Choose all Wjk by random. 

2. Choose input vector i (sensor signal) according to a probability distribution 

p(e). 

40 Kinnebrock, Prof. Dr. Werner: Neurona.lc Nctze: Gmndlagcn, Anwendungen, Bcispiclc, 

Oldenbourg, Miinchen, 1992, p. 83, 84 
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3. Look for neuron j where :Ek (ik - Wjk)2 bas the smallest value ( centre of 

stimulation). 

4. Improve all weights Wik in according to Wik in, new = Wik in, old + E * rij * (ik - wu/11
• 

01d) (e>O), while j is the neuron from step (3). 

5. Improve all weights Wikout according to Wikout ,ucw = Wikout,old + E' * r' / * (oi -

wik°ut, old) (e'>O), while j is the neuron from step (3). 

6. Go to (2) 

For 4) TI1e weights between input and network (sensor area) are determined as in 

the chapter about sensor maps. 

For 5) The determination of the output weights equals the determjnation of the 

input weights. They are increased if the desired output values are bigger 

than the actual weights of decreased otherwise. Therefore for the output 

weights a map exists which has the same structure and characteristics as 

the sensor map. This map is called II motor map 11
• 

For this learning algorithm input and output values need to be known (supervised 

learning). If the exact output values are unknown but if an assessment function 

exists which can judge the quality of the output the network can be described as 

w-- 0111
, new= w,,out, old + E * r·· (E '>O). r1·J· is normally distributed around O with a g g . u 

variance of 1. Depending on whether the calculated new weights produce a better 

assessment function they are either kept or rejected. This method is called 

unsupervised Jearning.41 

2.9 Normalisation 

Many networks require that all training targets are normalised between O and 1 (or 

- I and 1) for training. This is because an output node's signal is restricted to a Oto 

I (-1 to l) range (transfer functions like the binary function, the signum function , 

the squashing function , the hyperbolic function, the Sigmoid function, the 

Gaussian function, the hyperbolic tangent and the hyperbolic se ant function can 

41 Kinnebrock, Prof. Dr. Werner: Neuronale Netze: Gnmdlagen, Anwendungen, Beispiel •, 

Oldenbourg, Miinchen, 1992, p. 94 
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only have values between 0 and I (-1 and I)). If the output activation function has 

a range of [0,1 ], then the target values have to be adjusted in such a way, that they 

lie within this range. Generally it would be better to choose an output activation 

function suited to the distribution of the targets than to force the data to confonn 

to the output activation function. For example, if the target values are positive but 

have no known upper bound, you can use an exponential output activation 

function. Unfortunately the majority of network simulation programs is made for 

multiple purposes and therefore it is much simpler to adjust the data to the 

simulator than to reprogram the network. 

Next to normalisation there are other possibilities to transform data. Because most 

terms are interchangeably used first some definitions:42 

Rescaling a vector means to add or subtract a constant and then multiply or divide 

by a constant, as you would do to change the units of measurement of the data, for 

example, to convert a temperature from Celsius to Fahrenheit. 

Normalising a vector most often means dividing by a norm of the vector, for 

example, to make the Euclidean length of the vector equal to one. In the NN 

literature, normalising also often refers to rescaling by the minimum and range of 

the vector, to make all the elements lie between 0 and I. 

Standardising a vector most often means subtracting a measure oflocation and 

dividing by a measure of scale. For example, if the vector contains random values 

with a Gaussian distribution, you might subtract the mean and divide by the 

standard deviation, thereby obtaining a "standard normal" random variable with 

mean 0 and standard deviation 1. 

Next to the normalisation of output values it can be useful to standardise the 

inputs, too. For each kind you can distinguish between the standardisation of 

42 
Sarle, Warren: Frequently asked questions about neural networks, URL: 

http://www.faqs.org/faqs/ai-faq/neural-neL<;/part2/, part 2 of 7: Leaming, visited on March J 6t1' 

1998 
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column vectors or the standardisation of row vectors. When is which method 

applicable? 

2.9.1 Standardisation of column vectors 

If the input variables are combined via a distance function (Kohonen networks), 

standardising inputs can be crucial. The contribution of an input will depend 

heavily on its variability relative to other inputs. If one input has a range of O to 1, 

while another input has a range of O to 1,000,000, then the contribution of the first 

input to the distance will be swamped by the second input. So it is essential to 

rescale the inputs so that their variability reflects their importance, or at least is 

not in inverse relation to their importance. 

If the input variables are combined linearly (Multi-Layer Perceptron), then it is 

rarely strictly necessary to standardise the inputs, at least in theory. The reason is 

that any rescaling of an input vector can be effectively undone by changing the 

corresponding weights and biases, leaving you with the exact same outputs as you 

had before.42 However, there are a variety of practical reasons why standardising 

the inputs can make training faster and reduce the chances of getting stuck in local 

minima which will be explained in other chapters when necessary. 

Very common ways to standardise the columns are42
: 

Notation: 

Xi = value of the raw input variable X for the ith training case 

Si = standardised value corresponding to X 

N = number of training cases 

Standardise Xi to mean O and standard deviation l : 
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N 

Ixi 
i = I mean =--

N 
N 

L (Xi - mean) 2 

std = 
i - 1 

N -1 

S
. Xi - mean 
1=-- --

std 

Standardise Xi to midrange O and range 2: 

max Xi+ min Xi 
midrange = 

2 
range = max Xi - min Xi 

Xi - midrange 
Si=----­

range I 2 

Standardisation of outputs can be useful if there are two or more target vruiables 

and the error function is scale-sensitive, e.g. the least (mean) squares error 

function, then the variability of each target relative to the others can effect bow 

well the net learns that target. If one target bas a range of O to I , while another 

target has a range of Oto 1,000,000, the net will expend most of its effort learning 

the second target to the possible exclusion of the first. So it is essential to rescale 

the targets so that their variability reflects their importance, or at least is not in 

inverse relation to their importance. If the targets are of equal importance, they 

should typically be standardised to the same range or the same standard deviation. 
42 

2.9.2 Standardisation of row vectors 

There are some kinds of networks, such as simple Kohonen nets, where it is 

necessary to standardise the input cases to a common Euclidean length. 

Standardisation of cases should be approached with caution because it discards 

information. If that information is irrelevant, then standardising cases can be quite 

helpful. If that information is important, then standardising cases can be 

disastrous. Issues regarding the standardisation of cases must be carefully 
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evaluated in every application. There are no rules of thumb that apply to all 

applications. 42 

2.9.3 Non-linear transformation 

Most importantly, non-linear transformations of the targets are important witl1 

noisy data, via their effect on the error function . Many commonly used error 

functions are functions solely of the absolute value of the target less the output. 

Non-linear transformations (unlike linear transformations) change the relative 

sizes of these differences. With most error functions, the net will expend more 

effort, so to speak, trying to learn target values for which absolute difference of 

the value of the target and output is large. 

For example, suppose you are trying to predict the price of a stock. If the price of 

the stock is 10 (in whatever currency unit) and the output of the net is 5 or 15, 

yielding a difference of 5, that is a huge error. If the price of the stock is l 000 and 

the output of the net is 995 or 1005, yielding the same difference of 5, that is a 

tiny error. TI1e net should not treat those two differences as equally important. By 

taking logarithms, errors are measured in tenns ofratios rather than differences, as 

a difference between two logs corresponds to the ratio of the ori1:,rinal values. This 

has approximately the same effect as looking at percentage differences. That is 

(abs(target-output)/target) or (abs(target-output)/output), rather than simple 

differences. 42 

2. 1 O Conclusion 

This section has introduced several types of networks, namely, feed forward 

networks, feedback networks and self-organising networks which provide the 

basics for neuroscience. There are also other types of networks which have been 

developed and implemented and some of these will be illustrated for particular 

applications in the following chapters. 
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Generally artifi cial neural networks are used to compute any computable fun cti on; 

in particular anything that can be represented as a mapping between vector spaces 

can be approximated to arbitrary precision by feedforward networks. 

Jn practice, neural networks are especially useful for mapping problems which are 

tolerant of errors , have sufficient example data avai lable, but to which hard and 

fast rules can not easily be applied. 

As so many different types of networks and learning algorithms exist, it can be 

difficult to decide which type of network and which type of learning algorithm are 

most suitable for a given task. 

TI1is thesis is concemed with cost estimation in project management and the 

fo llowing chapters will give an overview of different types of cost estimating 

methods and then considers if, and to what extent, neural networks can support 

cost estimation in project management. 
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3 Cost estimating in project management 

Project management is mainly detennined by the following aspects: 

I . The required outcome or product of a project; 

2. The expected deadlines which are to be met; 

3. The resources needed. 

At the beginning of a project the monetary input can only be determined by a cost 

estimate. Unfortunately this cost estimate is often very inaccurate. A very good 

example for this are the roof of the Olympic Stadion in Munich (20 million Marks 

estimated costs vs. 171 mill. Marks real costs) 43 or the construction of the nuclear 

power stations in Kalkar (1.7* I 09 vs. 6.5 * 109
)

44 or Schmehausen (0.71 *109 vs. 

4.4* I 09)45 .The possible reasons for the error are: 

1. Exaggerated optimism by clients and contractors which often results from the 

toughness of business competition. A more realistic cost estimate can lead to 

higher trust between promoter and contractor during the contract award 

process. 

2. Changes during the development and production phases which have not been 

considered during the cost estimate. 

3. Insufficient identification of risks46 

There is clearly a need for more accurate methods of cost estimating. 

43 Griin, Oskar: Beitrage nu· Projektorganisation. Hell J: Kosten und Kostenrcchnnng in der 

Projektorganisat:ion, Wien, 1977, DBW-Depot 78-3-3 (C.E. Poeschel Verlag Stuttgan) 
44 Der Spiegel no. 14/ 1982, p. 50 
4
·
5 Siiddeutsche Zeit1mg from 4th of June 1 982 

46 Madauss, Bernd J.: Handbuch Projektmanagement, Poeschel Verlag Stuttgart , 1990, p. 236 
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3.1 Cost Analysis 

Even though cost analysis and cost estimates look very much alike they represent 

two fundamentally different processes. During the cost analysis, completed 

projects are evaluated and analysed. The results represent a basis for future 

estimates. Methods of estimates are explained later in this chapter. The estimation 

on the other hand is a prediction of probably arising costs for carrying out a 

certain new task. The cost analysis is usually very difficult because it is very hard 

to access usable data material. Furthermore the data material has to be analysed 

from two points of views: 

- from the history of the project point of view 

- from the accounting point of view 

Furthermore changes of the aim or the planing of the project need to be 

considered. 47 

Careful analysis of completed projects supply the necessary information for 

reHable cost estimates of future projects. Cost estimates of new and ve.ry complex 

systems can reach a high quality level if data material is available. In most of the 

cases these new systems mainly consist of already existing or similar components. 

A detailed cost analysis is therefore extremely important for tl1e future. 48 

The analysis process should not be restricted on the project organisation level only 

but also include the hardware, too (e.g. components of the system). Con-esponding 

to the project-structure-plan (see Figure 12) every element of the lowest level 

needs to be identified and analysed from the cost point of view. The best time for 

tl1is analysis is right after the conclusion of the project because the relevant 

information can be easily found and in case of unclarity interviews with members 

of the project can be bold. During the analysis it is necessary to comment on costs 

because changes of the project and eventually wrong booking might make an 

47 Madauss, Bernd J.: Handbuch Projektmanagement, Poeschel Verlag St11ttgart, 1990, p. 237 
48 Madauss, Bernd J.: Handbuch Projektmanagement, Poeschel Verlag Stuttgart , 1990, p. 243 
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Concept Definition Development 

-+ 
i: ~I I 

PSP 

PSP - Projectstructure-Plan 
WP - Workpackages 

Figure 12: Project-Structure-Plan 

objective actual cost detennination much more difficult. These explanations 

should contain: 

WP 

1. A description of the component with all technical and physical characteristics 

i.e. the product specification 

2. A time schedule (milestones, flow charts and de}jvery dates) 

I. Prototype costs (for developing, testing, production and operation of the first 

component) 

2. Source of infonnation (actual costs, offer pricl!, conditions (fixed price or cost 

price), contract type) 

3.2 Methods of cost estimations 

3.2.1 Problems 

To provide the most accurate estimate the right information, sufficient t.ime to 

prepare the estimate and experience from the past is required. These tools make 

the difference between an estimate and a guess. Naturally the experience of the 

estimator and the estimating method are very important, too. But even under the 

best circumstances an estimate remains an estimate. It forecasts the costs of a 
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project with a ce1tain probability. Even if unforeseeable problems during the 

development and increasing inflation are considered their real effect on the project 

can not be predicted exactly. Other, external influences that affect the costs of the 

project (e.g. strikes) can hardly be predicted. Next to an exact statement about the 

expected costs the identification of risks is very important. Sometimes the project 

team deliberately estimates higher costs for a project to avoid the need to request 

additional money. It would be unwise to add an excessive contingency or even a 

"fear-surcharge" on top of the estimated price because this would deteriorate the 

chance to a successful bid for the work involved. By integrating the project team 

in the sales and tendering process these actions can be to some extent avoided. 

There are many forms of contract for project work but only if the price is fixed 

should a surcharge be considered to cover unpredictable problems. The contract 

should be set up that way that the project team does not take the responsibility for 

non-influencable factors (e.g. inflation). Sufficient project control helps to find 

deviations of estimation at an early stage and helps to start the countermeasures to 

avoid loss. 

Sometimes on the other hand project costs are either deliberately or accidentally 

underestimated. Both cases usually lead to project management problems, are a 

burden for every participating organisation and can lead to termination of the 

project and image loss of involved companies. 49 

3.2.2 Methods 

Different methods for the cost estimate of the development and production of a 

new component exist. Jones and Niebisch summarised them as the following: 50 

l . Judgmental Methods 

- Expert Opinion 

49 Madanss, Bernd J.: Handbuch Projektmanagement, Poeschel Verlag Stuttgart, 1990, p. 246 

·
10 Jones, Ray D. and Niebisch, Klaus: Cost Estimation Techniques, INTERNET Expett Seminar 

on Cost Control in Project Control, Zurich, 1975 
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Method/ Criteria Re,1uirements Application Disadvantages 

I . Judgement - expert experience - early phase of project - subjective 

- Expert Opinion - rough product - no risky situation - undefined accuracy 

- Educated Guess defitrition - independent crosscheck - 1101 sui table for detailed 

- Voting (DELPHl) - analog material - budget estimates negotiations 

- Analogies - rough planning 

- ROM 

2. Parametric - historical data - concept comparisons - difficult exunpol11tfon 

- CER - regression 11nalysis - bndget planing of databases and 

- Statistical - CER-material - oITer evaluation models 

- Probabilistic - i11deperulent cross checks - questionable accuracy 

- Mathematical - low / medium risk - extrapolation of 

situations database is difficult 

3. Detailed Methods - time planing - situation with high risk - xpensive 

- Work Packages - Statement of work - p1ice negotiation - time cousmning 

- Subcontractor - detailed technical -CER Calibration - low flexibility 

Commitment materia l - Data B,mk Input - increases costs (if too 

- Grass-Roots - price quotation - Control Estimates detailed) 

- Computer Approp. - vulnerable to omissions 

- detajJed design a.nd 

material / process data 

- Bottoms-Up 

Table 2: estimation metbods51 

- Educated Guess 

- Rough-Order-Of-Magnitude (ROM) 

- Empirical 

- AnaJogy 

2. Parametric Methods 

- Cost Estimating Relationships (CER) 

- Statistical 

- Probabilistic 

- Mathematical 

3. Detailed Methods 

- Work Packages 

- Industrial Engineering 

51 Madauss, Bernd J.: Handbucb Proje.ktmauagement, Poeschel Verlag Stuttgart, 1990, p. 247 
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- Grass-Roots 

TI1e decision on which method is suitable for the project depends mainly on the 

phase of the project and therefore on the degree of knowledge about the project. 

Judgmental methods are suitable before the beginning of a project to get rough 

cost estimates on the basis of expert opinions. At the beginning of the concept 

phase, parametric methods should be used. The implementation of detailed 

methods usually starts in the second half of the definition phase because at this 

time sufficient planning documents are available e.g. specification, flow chaits, 

work schedules and project-structure-plan. 

The tender for the following phases that is set up at the end of the definition phase 

is usually based on detailed methods. Table 2 shows requirements, applications 

and disadvantages of each estimation method. Some of th.em will be explained in 

the following chapters. Usually the parametric and th.e detailed method are used in 

paraIIel for certain period of time. Because these methods have improved a lot 

within the last years project managers took the chance to verify their costs by 

comparing both models. The parametric estimate (top-down-estimate) and the 

detailed estimate (bottom-up-estimation) therefore complement each other. 51 

These and others will be examined in the following section. 

3.2.3 Expert Opinion 

Each member of a team of experts estimates the costs of a project and presents his 

results to the team. After exchanging this information every member can change 

his estimate until a homogeneous result is achieved. Group-dynamic problems 

might lead to erroneous results, because those members who have a high ability to 

assert themselves do not necessarily present the best estimate.52 

52 Litke, Hans-D.: Projektmangement: Methoden, Techniken, Verha1tensweisen, Hanser Verlag, 

Miinchen-Wien, 1993, p. 11 9 
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3.2.4 Educated Guess 

Based on its experience, only one person - usually the project manager - roughly 

estimates the costs of a project. Because this method depends on a single person 's 

knowledge only, it might lead to disastrous results. 52 

3.2.5 Analogy method 

The future project is compared with completed projects. This comparison is based 

on parameters that influence the expenditures. For the comparison those projects 

should be chosen that meet similar requirements as the future project. Only based 

on his experience, the estimator has to consider the differences between the 

projects in the estimate. 

Because the analogy method is mainly based on the estimators opinion it is not 

regarded as objective and it is less easy to justify. People who have not been 

involved in the original analogy may have problems in interpreting the estimate 

and in applying it to new projects, where different assumptions about future and 

past events may be needed.52 

3.2.6 Relation Method 

This procedure is a development of the analogy method. The main difference is 

that the consideration of differences between projects is based on a formalised 

procedure. This procedure limits the estimators experience to the selection of 

comparable projects and their influencing parameters. 53 

3.2. 7 Multiplication Method 

At the beginning of the estimate, the project is broken down into smaller 

subprojects. By analysing earlier subprojects the average costs of each subproject 

53 Litke, Hans-D.: Pmjektn1angement: Methoden. Techniken, Verha.ltensweisen, Hanser Verlag, 

Mi.inchen-Wien, 1993, p. 120 
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can be determined. To calculate the total cost the average cost of all subprojects is 

aggregated. 53 

The disadvantage of this method is, that it does not support the division into 

partial projects. In addition to that this method assumes a linear connection 

between the amount of partial projects and the total cost. But empirical data shows 

an exponential increase of costs in relation to the project size. The reason for this 

is probably a higher effort into co-ordination and communication. 54 

3.2.8 Rough-Order-Of-Magnitude 

The only information that is required for this method are the costs of one phase of 

the project. To gain th.is data you either complete one phase and calculate the 

costs or you undertake a careful estimate. The costs of this phase are compared 

with an earlier equivalent phase of another project. The proportional deviation of 

this phase is used as the proportional deviation of the total costs. 55 

For example: The total costs of an earlier project where £10.000.000 and the 

definition phase of this project cost £1.000.000. If the completed definition phase 

of a running project costs £2.000.000 the estimated costs of the whole project 

would be £20.000.000. 

Obviously the disadvantage of this method is, that minor mistakes in the estimate 

of one phase will have a great effect on th.e total cost estimate. Therefore this 

method is usually used as plausibility-check for other kinds of estimates. 

54 
Platz, J.: Pr~jektmanagement erfolgreich einfiiluen, 'Oberlegungen lmd praktische Erfahnmgen 

bcim Aulbau eines Einfohrungskonzepts, in: zfb, Zeitschrill Fillmmg u. Organisation, 1987, Nr. 4, 

p.217-226 
55 Litke, Hans-D.: Projektmangement: Methoden, Techniken, Vedu1ltensweisen, Hanser VerJag, 

Miinchen-Wien, 1993, p. 122 
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3.2.9 Detailed Cost Estimates Based On Workpackagcs 

Only on a basis of completed planning documents, a detailed cost estimate can 

provide good results. The Projectstructure-plan (PSP) needs to be broken down to 

the lowest level and work packages (WP) must be defined (see Figure 12 on page 

47). The next step for the preparation of the cost estimate is to describe the work 

packages which can be seen as mini pieces of work. Combined with a tim 

schedule on this basis the required amounts of material and hours are estimated. 

WP descriptions inform the reader about the following: 

- description of the task 

- required infonnation to fulfil this task 

- products of the WP 

In addition to that a detailed cost estimate requires time schedules, flow charts and 

technkal data (e.g. specifications that define the component). Now an experienced 

project engineer is able to estimate the required amounts of material based on the 

available documents with a fairly high accuracy. The project manager multiplies 

these amounts with adequate costs and summarises them to total costs for each 

work package. 

The amount of material and the costs which result from these for each work 

package are usually summarised into a cost account. The WP cost accounting is 

the basis for cost control. For optimal cost control two requirements must be 

fulfilled. On the one hand they can be calculated from the required amount of 

material and on the other hand the time distributi.on of the costs must be obvious. 

In any case these categories have to correspond with the cost structure of the 

enterprise. Then for each category the right cost centre of the enterprise can be 

identified. By multiplying the hourly wage with the estimated hours of work the 

labour costs can be determined. It is advisable to use gross amounts (hourly wages 

which include internal surcharges). The advantage of this is that the project 

manager is able to carry out a gross cost accounting for each work package. 

Considering a profit margin gives the chance to calculate an bid for the project 

which is based on work packages. Because each work package is costed and the 
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time the workpackages are executed can be forecast then it is possible to set up a 

budget and cash flow plan. 56 

3.2.10 Empirical method 

For this method a system of influencing cost drivers is set up and mathematically 

connected into a formula which is based on empirical data . To calculate the costs 

of a project the parameters of the cost estimating relationship have to be 

estimated. Because the formula originates from empirical data, it is almost 

impossible to locate possible mistakes in the algorithm, and are prone to the 

difficulties generally encountered by econometric models. 57 Proprietary models 

have been produced which claim to be applicable to a wide range of project types, 

and relieve the need for collecting data, fitting curves and so on. These models 

though need to be calibrated for particular project types, commercial 

environments and individual organisation. 58 

3.2.11 Parametric Cost Estimates 

For parametric cost estimates the right data material plays a significant role. The 

application of cost estimating relationships assumes a correlation between those 

component which have been used to establish the CER (Co.;t §_stimating 

Relationship) and that element which is estimated. The following parameters are 

frequently used: 

-weight - frequency of a transmitter - quantity 

- speed - power - size 

56 
Madauss, Bernd J.: Handbuch Projektmanagement~ Poeschel Verlag St11ttgart, 1990, p. 249 

57 
Litke, Hans-D.: Projektmangement: Mel11oden, Techniken, Verha1tensweisen, Hanser Verlag, 

Miinchen-Wien, 1993, p. 121 
58 

Discussion with R. G. Williams, University of Wa.Jcs, Swansea, 5th of September 1996 
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Withjn the last years parametric cost estimates became more and more important 

because they represent the only useful model at early phases of the project. 59 

During the following phases this method is used as independent tool for verifying 

detailed methods. The Independent Parametric Cost Estimate (lP E) -

Information is summarised in a special fonnat (DD 2089) which contains the 

physical and technical data of the component. The US military have used thls 

format since 1982 as a basis for negotiation. If an offer is based on a parametric 

cost estimate the following criteria bas to be considered: 

1. The applied CER's have to be structured logically. 

2. An easy verification of the implemented CER information must be 

guaranteed. 

3. Between the implemented parameters a sufficient statistical correlation is 

required. 

4. The employed CER's have to be precise and correct. 

5. The parametric estimating model or a computer aided estimating systems 

must be easily verified 

6. Before banding in a tender the accordance with the above mentioned criteria 

should have been checked. 

3.2.12 Comparison Of Detailed And Parametric Methods 

If an enterprise bas decided to use cost estimates systematically, detailed and 

parametric estimates are the most commonly used methods. Therefore they will be 

compared with each other in this section. Table 3 shows the characteristics for 

each method (input, calculation, output, justification). The detailed method 

requires more precise information about the project as input than the parametric 

method. Due to this higher amount of information the calculation of costs requires 

much more effort for the detailed method than for the parametric estimate, which 

is based on CER's only. The detailed method gives us quite extensive information 

about project costs, which include labour, material and other cost breakdowns 

59 Madauss, Bernd J.: Handbuch Projektmanagcmcnt, Poescl1cl Verlag Stuttgmt, 1990, p. 25 1 
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haracteristics Parametric Method Detailed Method 

Input Predesign Level , Hardware Detail Task Definition, 

alculation 

Output 

Justification 

Definition, Performance 

Characteristics, Weights 

and Pro1:,1Tammatic Data 

Cost Estimating 

Relationships ( ER 's) 

Total ost at WBS 

Element Level 

Many Concepts, Limited 

Level of Definition 

Drawings, Specs, Schedules, 

Materials and Process Date, etc. 

Accumulation of Labour, 

Material and Other osts Per 

Task 

Detailed Functional Labour, 

Material, and Other Cost 

Breakdowns For WBS Elements 

Single Concept, Detail d Data 

Available, ontractual 

Confidence Required 

Table 3: Characteristics of parametric and detailed method 

while the parametric estimate is limited to total costs at the WBS (work 

breakdown structure) element level. 

Because the detajled method r quires extensive effort it should be used if only a 

single concept is estimated and a high confidence in the result is required. To 

compare different project concepts and if the available infonnation is not very 

precise the parametric model is preferably used. Particularly at the very beginning 

of the concept phase the enterprise bas to choose between different alt rnatives of 

the project. Figure 13 shows that at this stage a higher effort is put into the 

parametric method. 

After a few concepts bad been chosen to study more car fully, the parametric 

method is usually still prefetTed because there is not sufficient infonnation 

avai lable for a detailed estimate. On the approach to the final concept more and 

more information is avai lable about this project. This is wh n the detailed 

estimate takes over. This method is used to obtain further cost breakdowns in 

order to set up a cash flow plan or to gather more information for negotiations. 
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effort 

detailed method 

parmetric method 

A B C ph ase 
Status Many Concepts Few Concepts Point Design 

Low Definition Medium Definition Detail Definition 

Method Parametric Refined Parametric Detailed 
Simple CE A's Detail Backup Parametric Check 

Objective Evaluate Concepts Evaluate Preferred Refine, Options 8c 
Select Pref erred Select Recommended Price Recommended 

Figure 13: Effort into estimate during concept phase 

3.3 Estimating Accuracy 

Next to a cost estimate it is important to detennine the accuracy of the results. 

This is important for the consideration of rr.serves during negotiations. ost 

estimates at the beginning are much less precise than those estimates that are 

made after the definition phase. The reason for this are many unknown influences 

that are difficult to guess at the beginning of a project. By analysing a large 

number of projects Augustine60 developed a correction-factor which is multiplied 

with the cost estimate to consider these unknown influences. 

correction coefficient = (1 + 1 ~-:{1) 

t = r. & d. progress (0 = beginning, 1 = ending ofr. & d.) 

60 Augustine, Nmmann R.: Augustine 's Laws and M ajor Sy tern Development Programs, in: 

Astronautics & Aeronautics, April 1980, p. 36 
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confidence in estimaHon Hme knowledge about product' esHm:1Hon method 

estimation 

high reasorn1ble long extiaordinary (expert tested mctJ1od available 

knowledge is accessible) 

medium just. snfficient partly available (expe11 pa.1tly tested mctl1ods 

knowledge is pattly accessible) available 

Table 4: Estimation conditions 

The formula is structured in such a way that at the early stage of the project the 

correction coefficient is relatively high. As the project progresses this va lue 

lowers slowly. This formula is not generally valid, of course, but it gives a good 

example how unknown influences can be considered. There are further 

influencing factors that determine the accuracy of a prediction : 

I . Circumstances of estimate 

- estimating time (available time for the estimate) 

- estimating team (experienced, partly experienced, inexperienced) 

- prerequisites ( economical conditions: hourly wages, expected price 

fluctuation, profit margin, etc.) 

- assumptions ( about the project, operation, etc.) 

2. Kind of product 

- technological state of art ( established product line, extensive 

modification, complete design of new technology 

- production experience (high, medium, low) 

3. Product description 

- specification status ( available, partly available, only rough data 

available) 

- drawing status (available, partly available, only rough draft available) 

4. Estimating method and data bases 

- methods (detailed or parametric estimate) 

- data bases for comparisons (available, pa1tly available, not available) 

These factors build a framework to judge the precision of an estimate. Table 4 

gives a practicaJ example for a framework that can be used to judge the accuracy 

of an es6mate. In combination with each criteria the confidence (low, medium, 
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high) is defined. A mark (L, M, H) for the confidence in the estimate of each 

component is added according to Table 4. In the next step for the three levels of 

confidence a real value must be examined from experience. This means that 

components with a high confidence in estimation could for example have a 

deviation of ±5% of the estimated value. 61 

Experienced project managers may know the general problem well enough to 

make a detailed and precise cost estimate within the shortest time. Usually the 

potential client does not consider sufficient time for submitting an offer. But the 

quality of the cost offer mainly depends on the knowledge about the product, the 

experience of the estimator, the available data material about preceded projects 

and the available time for the estimate. Possibly project manager may hardly have 

time to consult participating departments of subcontractors. Therefore important 

details could be easily forgotten or other fact could be underestimated. On the 

other hand the effort for a better quality of cost estimates is very high even if the 

available time is extremely limited. It is important to apply a tool that supports a 

faster and more accurate cost estimate. 

3.4 Learning Curves 

To reach as high accuracy as possible the effect of learnjng is considered in the 

cost estimate. Leaming curves are used to calculate the average unit cost of a 

production run. The first unit of a production line is the most costly to produce, 

with each following unit decreasing in cost at a rate determined by the processing 

method employed. The cost of the first unit, defined as the first piece cost (FPC) 

also depends on the production methods used.62 

Studies indi.cate that th.e following are significant factors contributing to the 

cost/quantity, ,,teaming curve" phenomena: 

• The human learning process; 

61 Ma.dauss, Bcmd J.: Handbuch Projektm:magcmcnt, Poes ·hcl Verlag St11ttg,ut, 19 0, p. 253 
62 PRICE H Reference Manual, PRICE Systems, Moorestown, New Jersey, 1988, 2 1- 1 
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• Performance experience; 

• Production methods, Processes and tooling; 

• Quantity; 

• Weight; 

• Technological lmplication62 

The human learning process is the most common given reason for the 

"improvement" phenomenon. Tt is generally accepted that the more one produces, 

the more efficient one becomes. TI1is implies that where human effort or 

intelligence is involved, there is a learning process, and that repetitive actions wi ll 

naturally lead to greater efficiency. The production learning improvement is 

virtually non-existent for automated manufactming m thods which require no 

human contributions or manual operations. Between total manual fabrication and 

total automation are varying levels of automation, each affecting the average 

production cost. 62 

Performance experience relates to the establishment of production standards. rn 
addition to actual "learning", comparable histories will influence the 

manufacturing rate. Most production standards are established early in the 

program and once set are seldom changed. It is not uncommon to find standards 

that are union or peer group regulat d. Whether formal or informal, production 

standards control manufacturing costs. Tn most cases production standards can 

only be changed through major revisions to processes and/or tooling. 62 

J>roduction process and tooling for a product are probably the most significant 

reasons why production costs differ. Highly mechanised processes are employ d 

to manufacture large production quantities since the total production costs are 

usually less than what they would be if purely manual methods are selected. 63 

The following examples show how learning curve determining factors can be 

connected: 

63 PRICE H Reference Manual , PRT E Systems, Moor st.own, New Jcrs y, 1988, 2 1-2 
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onsider an item weighing a few grams with a low manufacturing complexity 

factor; for example, the common paper clip. The low technology factor coupled 

with the low weight suggests a large production quantity. One would produce 

paper clips only in large quantities employing highly automated procedures. 

This combination results in a low average unit cost with a virtually flat cost 

improvement curve. At the opposite end of the scale, consider an extremely large, 

hjgh-technology device such as Space Shuttle. Here the quantities are small, 

suggesting considerable human involvement in its production. This causes the 

cost improvement curve of the Space Shuttle to be steeper than that of the paper 

clip.63 

The Boeing Curve is an established method, represented by the following 
· 61 equat10ns: · 

( 
LogUN/1LC ) 

UC = I;* Unit,. Logi 

Qn' ( LogUNTn C) 
TC = r; * L Unit/ Log

2 

i= I 

UC = Cost of Unjti 

TC = Total Production Costs 

T 1 = Theoretical First Piece Cost 

Unii = Production unit sequence number 

UNITLC = A decimal number between O and l which determines the rate of cost 

improvement 

3.5 Parametric Cost Estimates 

Because parametric cost estimates represent the basis for the following chapters in 

this thesis, they are explained more detailed in this chapter. They can be defined 

as following: 

Definition: A parametric cost estimate represents a mctlwd for determining 

costs by using cost estimating relationships (CER's - see 3.5.1 ). 
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3.5. l Cost Estimation Relationship (CER) 

After analysing the development and production costs of a component these costs 

can be put into relation with certain parameters. Conversely these parameters can 

help to estimate the costs of this component. In 1969 Batchelder established 

significant principles for cost estimates that are based on equations. 64 Batchelder 

says that many estimation equations are formulas which indicate tlrnt the costs are 

proportional to weight, volume or any other physical characteristic of the 

component. These cost estimating relationships (CER) are especially suitable 

during the early stages of a project. A detailed cost analysis of already completed 

projects is the important basis for the derivation of CER's. CER's can only be used 

if the characteristics of the component that has to be developed or produced are 

the same, that is they share the same cost drivers. 

It is important to consider product groups and other articles with common 

characteristics. For example if you take the weight of a car as indication of its 

price you can easily see that the price per kilo of a luxury car is generally much 

higher than the price of an standard car 65
• The procedure for setting up a CER is 

the following: 

I. Determine simple features which might determine the price of a component. 

2. A regression analysis shows the correlation between this characteristic and the 

production costs. 

3. Eventually more characteristics need to be combined to reach a bett r result. 

3.5.2 Project Specific Cost Estimates 

These estimates are based on CER's, which can be used for specific applications 

only. To estimate the costs of a jet engine for example, you might develop CER's 

64 Batchelder, C.A./Boren, H.E./Campbcll, Jr. H.G./Dei Rossi, J.A. nnd Lal'ge, J.P.: An 

IntToductjon to Equipment Cost Estjmating, The Ra.nd Corporation, Memorandum RM-6103-SA, 

December 1969, p. 33, 34 
65 Madauss, Bernd J.: Handbuc.h Projektmanagement, Poeschel Verlag Stnltgart, 1990, p. 244 
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3 Cost estimating in project management 

which include standing thrust, compression, turbine entering temperature, tl1rust -

weight relation etc. It is obvious that these CER's can be used for jet engines only 

and therefore it is called a project specific CER. Although this model can be used 

for specific tasks only its advantage is that the user does not need any hi storical 

data because the CER's are already used on historical data of jet engines. 

3.5.3 Universal Parametric Cost Estimates 

Universal parametric cost estimates exclusively use unspecific - and therefore for 

many systems usable - parameters. Weight and volume are very common cost 

drivers as are so-called "complexities" and are used as main parameters. These 

complexities refer to the difficulty of development or production. Because they 

are difficult to rate even a little misjudgement can lead to severe etTors in the 

estimate.66 The level of accuracy depends on the ski ll of the user. 

3.5.4 The Method for Establishing a Parametric Cost Estimating Model 

At first all relevant cost elements have to be identified by using the project­

structure-plan and cost-structure-plan (see Figure 12 on page 47). According to 

historical data you can determine to which level of detail the estimating structure 

can be set up. According to Figure 14 a parametric cost estimating model can be 

divided into two levels. While the user level does not require any explanation the 

following sections wil1 look more carefully at the set-up level. Because the 

following procedures need to be carried out for each CER it can be seen how 

much labour is necessary to develop a detailed model with hundreds of CER's. 67 

3.5.4.1 Step One: Normalisation of Historical Data 

To make the comparison of similar projects or products possible, the database 

needs to be normalised. Normalisation means to set each data record on the same 

66 H. Reschke, H. Scl1elle, R. Schnopp: Handbuch Projekt:managcment Barnl I, Verlag TUV 

Rheinland Koln, 1989, p. 372 
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setup level 
user level 

historical normalized cost data input parameter 
(technical or physical 

cost parameters ... , i, w parameters, complexities etc.) 
r 

Parametric Cost 
determination of cost functi on ... Esimating Model 

,. '~ ' 

optimation of Parameters 

V ,r 
stati stical characteristics costs 

Figure 14: parametric cost estimating modeJ67 

level to make comparison between the records possibl e. l11is includes the 

consideration of taxes and custom duties. To take account of other cun-encies not 

only the exchange rate is important but also its variation, because a hi gh variation 

of exchange rates might considerable influence the costs. To calculate the costs 

per unit the effect of the lea.ming curve might be applicable for a huge number of 

parts . Last but not least the technical progress might devalue the price of older 

projects. 

Because the quality of generated CER's is mainly based on the data material its 

careful normalisation is of great importance. 

3.5.4.2 Step Two: Selection of Cost Parameters 

Next to the historical data a corresponding amount of influencing parameters has 

to be detetmined. There should be a significant correlation of th parameters and 

the costs. Therefore these parameters are so called "cost dtivers". For example in 

the civil aviation industry typical cost drivers are weight and perfom1ance 

fi gures.68 

67 H. Reschke, H. Schelle, R. Schnopp: Handbuch Projektmanagem ·nt. Ba11d I, Verlag TOY 

Rheinland Ki:iln, 1989, p. 373 
68 H. Reschke, H. Schelle, ll Schnopp: Handbuch Projektma.nagement Band J, Verlag TOY 

Rhcinland Koln, 1989, p. 375 
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3 Cost estimat"ing in pro,ject management 

3.5.4.3 Step Three: TheSe/ectim, o/The CER/imctio11 

Even though many functions of costs and influencing parameters are conceivable, 

most CER's are based on one of the following formulas : 

I. Costs = a + b * P1d + c * P2• + ... 

2. Costs = k *Pi° * P/ * ... 

P1 .. . Pnc1 are the variables of the CER while a, b, c, ... represent the parameters of 

the model. The CE R's of this must be independent of each other. While the choice 

of influencing parameters is based on the knowledge of the estimator, the cost 

estimation relationships (CER) are determined by statistical characteristics. 

3.5.4.4 Step Four: Optimisation of Parameters 

1rus term describes the selection of a statistical method to determine the model 

parameters a, b, c, ... of the CER's from the normalised database of costs. The 

method of the least squares and multivariate regression analysis are the most 

common procedures to develop the best fitting curve according to the data 

material. Next to numbers for a, b, c, ... the result of these methods are also 

statistical values like the correlation-coefficient R, tl1e standard deviation S and 

the degree of confidence t which will be described in the following chapter. 

3.5.5 Statistical Characteristics 

l11e correlation-coefficient R is a measure for the linear dependency of 

parameters. The standard deviation S determines the scatter of the data material 

around the regression curve. The value t describes the degree of confidence of tl1e 

estimation. AJI these statistical characteristics are only valuable if a suffici nt 

amount of reference data is available wbjch usually is not the case.68
, 

69 

69 Ebner, Claull: Statistik fiir Soziologcn, Piidagogen, Psycltologcn und Mediziner, nmdlagcn, 

Verlag Hani Deutsch Thnn, 1989 
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R =----;::======== 

"'"" 2 "'"" - 2 L,.. (X1 - x) L,.. (y1 - y ) 
i ; 

I 
t ---

- .Jn - 3 

3.5.6 Documentation 

Next to providing tbe established CER's it is very important to comment the 

development of the equation to inform the user about the extent the validity of all 

implemented parameters. 

3.5.7 Accuracy, Random Estimating Errors and Systematic Errors 

It is very djfficult to predict the accuracy of a parametric cost estimate (see 

chapter 3.3) because some influencing parameters simply cannot be predicted. On 

the other hand the statistical value tis a useful parameter to "estimate the accuracy 

of the estimate" (e.g. " there is a probability of 90% that the costs will be between 

$40,000 and $80,000 but there is only a probability of 10% that the costs wi11 b 

between $58,000 and $62,000). 

A random error is the deviation of the nominal value that cannot be influenced. 

The main reason for this is the statistical variance of the data to develop the 

estimating model. The rugher the variance the higher the expected error. 

Providing that the probability of an over- or underestimate is normalJy distributed 

the result of a detailed estimate (aggregation of many small estimates) is mor 

trustworthy than a single estimate. The reason for this is that the estimating enors 

of each "little" estimate might be compensated by each oth r. For example in the 

aeroplane industry a global estimate with fundamental param ters only has an 

expected error of ± 35%. lfthe same project is estimated on the basis of many 

subsystems the error may be reduced down to ± I 0%. 
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3 Cost estimating in project management 

TI1ese systematic errors usually occur if significant technological progress has 

taken place which is not considered in the data material where the estimate is 

based on. The question if the available CER's still meet the necessary 

requirements can be answered by experts only. 70 

3.6 PRICE-H 

PRICE is a set of parametric models produced by Lockheed Martin. Of the 

models available PRICE-H which is relevant for hardware applications is the 

model whfoh is relevant for the purposes of this thesis. 

3.6.1 The Basic Idea Of PRICE-H 

"The basic idea and philosophy of PRICE is its universal implementation and 

easy use with guaranteed fast access to data!", 

Frank R. Freiman, founder and developer of PRICE 71
. In the sixties tJ1e company 

RCA developed a universal estimating model for hardware components which is 

based on practical experience and CER's. A homogeneous scale was introduced to 

judge and classify different hardware components. TI1is scale is based on the 

complexity of the production of a component and has values between O and 10 

(the higher the value the more complicated it is to produce the hardware 

component). The advantage of this scale is that the model is not limited to specific 

project only but all kinds of hardware component can be estimated (see chapter 

3.5.3). The complexity is distinguished between two categories: The development 

complexity and the production complexity (see Table 5 and Table 6). 

A distinction of product categories was set up: Ground environment, Mobile, 

Airborne, Space Flight and Manned Space Flight. Components for ground 

environment got the lowest code 1 while components for manned space flight 

70 H. Reschke, H. ScheUe, R. ScJmopp: Handbuch ProjekunaJtagement Band 1, Verlag TOV 

Rheinland Koln, 1989, p. 378 
7 1 Madanss, Bernd J. : Handbuch Projekonanagemcnt, Poeschel Verlag Stuttga.it, 1990, p. 255 
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Equipmcn 1 Typicnl Examp les WSCF 1.0 1.4 1.8 2.0 2. 
Gmun Mobile Ai1bome Spo ce Monned 

d Sp8Ct! 

Antennas Small , Spiral , 1 lom Flush , 4 4.75 5.64 6.55-7.04 6.92-7.44 6.92-7.4.J 

PRmbolic 8 5.3 5.5 
Scn ,ming Rodar I 0-40' Wide 6-8 5.9 6.4 7.0 7.2 7.2 
Phased Array, (Le•• Rodio tom) 

Bngine & Mo tors Automobi le - 100 to 400 11.f'. 25-35 4.30 
1\ ubo-Jc t (Prime Propu lsion) 25-35 6.6-7.9 
Rocket M otom 14- 15 6. 1-6.5 6.4-7.3 7.2-R.2 
Electri c Mo 1ors 75-100 4.47 5.08 5.J 5.4-6.J 5.4-6.J 

Drive Assemblies Mo chined Porui, Geam, etc. 7- 10 5. 11 - 5.5 5.8 

Mechani•m• w/Stnmpings (Hi 12 5.24 
Prods) J .33-

3.73 
Microwave Woveguide, lsolotora, Couplers 11 -20 5.4-5.6 5.4-5.6 .5-5.7 5.5-5.9 5.5-5.9 
Tron.smissions Stripline Circuitry 9 5.7 5.8 5.9 6.0 6. 1 
Optics Good (Commer i• I) 70-90 5. I 5.4 6.3 6.7 7.3 

Excellent (Military) 70-90 5.4 5.8 7.J 7.8 8.0 
1 lighest (Add 0. 1 per I 0% Yield) 70-90 5.9 6.8 8.0 8.3 8.5 

Ortlnnncc Fuzc Automntcd Pnxluc tinn 14-20 4.3-4.65 4.3-4.65 
Small Production-Min.Tooling 14-20 5 11 -5.33 5 11 -5.33 

Servo Mech Drive & Coupling Networks 65-7 5 5.63 5.63-5.7 5.7-6.26 5.7-6.86 5.7-6.86 
Tools Machine Tools 25-30 4.45-

4.52 
PrinteJ CKT •n:1• Poper Phenolic 83 4. 1-4.J 4.1-4.3 4.1-4.3 4. 1-4.3 4. 1-4.3 
(Boords Only) GlossExpoxy, Double Sided (Add 110 5.3 5.3 5.3 5.3 5.3 

0.2 fo r 3 Layers & 0.05 fo rAddn'I) 
Add 0 .1 for Pla ted-11ltll Hole• 

Cabling Mull iconductor w/ MS Conn c tnn, 40 4.9 5.0 5.0 5. 1 5.2 
Sam e w/ Herrneticolly Sealed 40 5. 1 5.2 5.2 5.3 5.3 
Connectors 

B llery Lead Acid 68- 125 4.47 4.49 4.6 1 4.8-5.4 4.9-5.5 

Nickel Cadmium 75 5.39 5.83 6.73 7.63 8.38 
Gyro Inerti al Platform Type 79 6.0 1 6.56 6.8 6.9-9. 1 7.0-9.4 

Laser Module 7.6 8.5 9.4 

Table 5: mechanical production complexity 

have the highest code 2.5. The remaining categories got codes between I and 2.5 . 

Now the basic elements for rating different specification levels was set up. 

To estimate the costs of a hardware component with PRICE the fo11owing data 

has to be available: Production amount, amount of pr totypes, weight, volume, 

platform (specification level), production complexity, development complexity, 

starting date and deadline for development and production. Further data can be 

optionally added or calculated by the program. 

In the seventies PRICE-Systems developed another model for the estimation of 

software development costs (PRICE-S) and PRICE-L to determine life-cycle­

costs. 72 

3.6.2 The Functioning of PRICE-H 

PRICE structures the work of a project into the following cost categ01ies: 

72 Madauss, B md J.: Handbuch Projck1managcment , Poeschel Verlag Stnu ga.n, 1990, p. 256 
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Electronic Equipment Types of Components 1.0 1.4 1.8 2.0 2.5 
Desc1iption Ground Mobile Airborne Space M,umcd 

Space 
ANALOG: Discrctcs 6.264 6.857 7.854 9.597 10.063 
Receivers, OP Amps, JS's 6.415 6.950 8.090 9.780 10.098 
Audio, Video, RF, Seivo LSI 6.742 7.274 . 8.267 9.894 10.184 
D1ive, etc. Hybrids 6.9 19 7.451 8.446 10.076 I 0.365 

VLSI 7.096 7.629 8.626 10.259 10.547 
DIGITAL: Discretes 6.032 6.742 7.820 9.309 9.710 

!S's 6.182 6.888 7.940 9.420 9.857 
Gates, Registers, Buffers, LSI 6.474 7.174 8.232 9.564 9.963 
Counters, etc. Hybrids 6.648 7.348 8.41 I 9.743 10.144 

VLSI 6.823 7.523 8.590 9.924 I 0.325 
DISPLAY WITH CRT: Oiscretes 5.920 6.68 1 7.662 8.871 9.664 

!S's 6.094 6.824 7.771 9.008 9.801 
TV, Tenninals, Radar LSI 6.4 10 7. 139 8.087 9.184 9.936 
Consoles, Test Units, tc. Hybrids 6.582 7.312 8.262 9.36) 10.113 

VLSI 6.755 7.486 8.438 9.537 10.290 
DISPL/\ Y NO CRT: Discret.es 5.801 6.535 7.638 8.841 9.527 

!S's 6.000 6.681 7.727 8.985 9.638 
L.E.D.'s, Liqujd Crystal, LSI 6.300 7.000 8.019 9.165 9.744 
Indicators, Hybrids 6.473 7.173 8.197 9.344 9.924 
Controls, etc. VLSI 6.648 7.348 8.375 9.524 10.104 
TRANSMITTER: Discretes 6.470 7.218. 8.090 9.692 10.252 

IS's 6.650 7.368 8.245 9.813 I0.369 
TV, Radar, LSI 6.80 1 7.5 16 8.397 9.930 10.481 
Communications, NA V Hybrids 6.979 7.695 8.579 10.11 2 10.664 
AIDS, Laser, etc . VLSI 7.158 7.874 8.761 10.296 10.848 
POWER SUPPLIES: Discretes 5.39 I 5.978 6.941 7.527 8.494 

IS's 5.548 6.289 7.196 7.642 8.602 
LSI 5.678 6.4 15 7.368 7.971 8.732 

Table 6: electronic production complexity 

I . Cost for engineering (CEN) 

- Cost of technical drawings (Cm) 

- Cost of design (Co) 

- Cost of system engineering(CsE) 

- Cost of project management(CPM) 

- Cost of documentation(Coo) 

2. Production 

- Cost of production(CPR) 

- Cost of prototype development(Cpo) 

- Cost of tools and test equipment(Crn) 

The finding of development costs starts with the detennination of the costs of 

technical drawings as shown in Figure 15. These costs result from the amount of 

technical drawings and represent the basis for the determjnation of development 

costs because all other cost categories are related to them. The total costs of 

development C-rc can be described as following: 
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3 Cost estimating in project management 

Influenced by: 
Influenced by. 

- weIgh1 
- Cro - poduction com plexity 

- engineering compleXJ1y - deadlines 

- product platform 
- deadlines 
- technology stale of art 

TD 

Cm ■ costs of technical drawings 
Co ■ costs or design 
Cse ■ costs or system engineering 
CPM • costs of project management 
Coo ■ costs or documen1atlon 

Co 

lnOuoncod by: 

-Cm 
- co 
- engineering 

complexity 
- deadllne s 

CSE 

Cm 

influenced by. 

- Cro 
-Co 
- engineering 

complexity 
- deadlines 

- ~,..-1--a-1 - TD 
• 0 

• engineering 
complexity 

- deadlines 

Coo 

~------tnnuencod by: Influenced by· 

- weight - weight 
- production complexity - production complexity 

CEN • costs of engineering 
CPO = costs of prototype development 
CTE • costs of tools and test equipment 
Crc ■ co sis of development 

- engineering compl eXJty - engineering complexity 
- technology slate of art - technology state or art 

mount of prototypes 

Figure 15: Set-up for calculating development costs 

I . Grc = CEN + CMc 

where CEN are 

2. CEN = CTn + Cn + CsE + CrM + Coo 

and CMc is given by 

- amount or prototypes 

CTC 

3. CMc = Cro + Cm (manufacturing costs during deve]opment; PR is dropped) 

and Cm is 

4. Cm = SL * EC * TD * AW * CW 

5. SL (specification level): The platform (specification level) describes where the 

component will be used. The following platforms exist: 

- Ground environment (e.g. machine-tool building) 

- MobiJe (e.g. vehicle or vessel) 

- Airborne ( e.g. plane, helicopter) 

- Space Flight (e.g. satellites) 

- Manned Space Flight (e.g. Space 

6. The engineering complexity (EC) depends on two parameters: The degree of 

difficulty of the design and the experience of the personnel. As shown in Tabl 

7 the engineering complexity can vary between 0.2 and 3. t. 0.2 describ s a 

simple modification to an existing design and the personnel is very 

70 

1.0 

1.4 

1.7-1.8 

2.0 

2.5 



3 Cost estimating in project management 

Experience of personnel Extensive Nonna! Mixed Unfamiliar 
experience, experience experi ence 
with similar , engineers , some arc 
type designs. previously familiar 
Many are complett-'<i wi th this 

Scope of design effmt experts in U1c similar type or 
fi eld, top ta lent type design, 
leading e1To1t. des igns others are 

new to the 
ioh 

Simple modification to an existing design 0.2 0.3 0.4 
Extensive modification to an ex isting 0.6 0.7 0.8 

design 
New design, within the es tablished product 0.9 1.0 I.I 

line, continuation of existing state of art 
New design, different from established 1.0 1.2 1.4 

product line. Utilises existing mate1ia1s 
and/or electronic components 

New design, different from esL'lblishcd 1.3 1.6 1.9 
product line. Requires in-house 
development of new electronic 
components, or of new materials and 
processes 

Same as above, except state of art being 1.9 2.3 2.7 
advanced or multiple design path 
required to reach goa ls 

Table 7: definition of engineering complexity 

experienced. 3. 1 depicts a new design that uses new material and production 

methods while the team is unfamiliar with the job. The following equation 

shows the ratio of engineering complexity, development schedule and 

production complexity: 

7. EC = DS 
1.3* PC1.1 

with 
design, 
many 
new to 
job 

0.5 
0.9 

1.2 

1.6 

2.2 

3.I 

DS = development schedule (in months from the b ginning of the development 

until completion of the first prototype) 

PC = production complexity (see Table 5) 

In Figure 16 the correlation of engineering- and production complexity is 

shown in relation to the time table and helps the project manager to judge if the 

time schedule is in a realistic to the fixed engineering complexity. 

8. TD (amount of technical drawings): The average amount of technical drawings 

can be detennined by the following equation : 

wo.7 * pc3,7 
TD=----

145 
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enginee ring complexity 
------------------~ 

O.B 0.9 1.0 1. 1 1.2 1.3 1.4 1.5 1.6 1.7 1.B 1.s' 

12 

10 20 time table (months) 30 4 0 

Figure 16: correlation of production- and engineering complexity in relation 

to the time table 

W = system weight (Lbs) 

PC = production complexity (see Table 5) 

The system weight is either known or can be easily to estimated. On the other 

hand it is much more difficult to define the manufacturing complexity. To 

support this determination PRICE developed complexity tables (see Table 5) 

but still ever enterprise should determine its own values by calibration. 

9. AW (average work units per drawing): The amount of average work units per 

drawing can be derived from the platform. This is obvious that the drawing of a 

plane requires more work units due to a higher level of checks than any other 

machine-tool. PRICE suggests the following reference values: 

- Ground environment 

- Mobile 

- Airborne 

- Space Flight 

8 work units 

10 work units 

15 work units 

25 work units 

10. CW (costs per work unit): Because a work unit is defined with 3 men hours 

the necessary working hours can be easily calculated and multiplied with the 

hourly wage. 
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I I. CD = Cm * R 

Cm = see equation 4 

DS0.3 

R=--
0.7 

DS = see equation 7 

12. CsE = (Cm + Co)* SE 

Cm = see equation 4 

Co = see equation 1 I. 

0.65 *.E 2 

SE = System Engineering Coefficient = ---­DSo.61 

E = see equation 7 and Table 7 

DS = see equation 7 

13. CrM = (CsE + CMc) * PMc 

CsE = see equation 12 

CMc = manufacturing costs during development 

PM P . M C ffi . 0.4 *E 
2 

= roJect anagement oe 1c1ent = DS0.67 

EC = see equation 7 and Table 7 

DS = see equation 7 

14. CDo = (CsE + CM + CrM) * DO 

Csn = see equation 12 

CMc = manufacturing costs during development 

CPM = see equation 13 

0.16* E 2 

DOc = documentation coefficient = ---­DSo.61 

EC = see equation 7 and Table 7 

DS = see equation 7 

As shown in Figure 15 on page 70 the costs for technical drawings repr sent a 

primary input for the detennination of development costs. The developer of 
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PIUCE-H assumed that the amount of technical drawings defines the total 

development outlay. The expenses for design, development and project 

management are related in a certain ratio to the costs of technical drawings. 

If the development incJudes the production of a prototype further expenses for the 

prototype, tools and test equipment apply. Naturally this production also impacts 

on the project management and project documentation costs as is also shown in 

Figure 15 on page 70. 

In Figure l 7 is a flowchart for the determination of production costs. Even during 

the production phase costs for technical drawings, design and system engineering 

apply. The reason for this are unavoidable changes that are can-ied out during the 

production phase. PRICE-I-I derives these engineering changes statistically. An 

overlap of the development phase and the production phase considerably 

influences the engineering changes because of possible changes of the results of 

development results. The production costs are mainly influenced by the following 

factors: 

- system weight 

- production complexity 

- technology state of art 

- production quantity 

- learning curve 

- deadlines73 

3. 7 Conclusion 

This section had its main emphasis on parametric cost estimates, as this method is 

of importance for the following chapters. 

73 Madanss, Bernd J.: Handbuch Projcktmanagcmcnt, Poescb I Verlag St utt gart, 1990, p. 258-265 
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development 
schedule 

Influenced by. 

- poductlon 
compll!Xlty 

- product platform 
- production 

schedule 
- technology 

te f a 

costs of changes 

Influenced by. 
- weight 
- production 
complexity 

- product 
platform 

- repetition of 
design 

TD 

Cro ■ casts of technical drawings 
Co • casts of design 
CPM • costs of pro ject management 
Coo ■ cost, of documen1atlon 
CEN ■ costs of engin eering 
CPR • costs of production 
CTE ■ costs of tools and test equipment 
Cr ■ total casts of production 

influenced by: 
- Cro 
- weight 
- production complexity 

influenced by 

• TD 

- Co - compactness 
- de velopment platform 
- technology stale of art 

- pro duction 
schedule 

Ca CPM 

influenced by. 

- weight 
- technology state of art 
- amount of production 
- production schedule 
- learning curve 
- amount of production 
lines 

---.-1-9>l · Cro 
• Co 
• production 

schedule 

Co 

inOuenced by: 

- we igl'it 
- production complexity 
- pac~ ge density 
- tec hnology st le of art 
- production quantity 
- learning curve 
- producllon schectute 
- amount of produclion 
lines 

f PR en.., -----------
Crc 

Figure 17: Set-up for calculating production costs 

Judgmental methods are the mostly used methods for cost estimating in Europe, 

because they lead to fast results and they can be cheaply implemented. As already 

mentioned the major di sadvantages are subjectivity and low accuracy. 

If a company decides to integrate cost estimation systematica11y into the 

organisation structure, parametric cost estimates is the most implemented method. 

The more it is integrated into the companies organisation the more it represents 

the basis for negotiations, self control and scenario management. 

As we11 as PRICE there are other commercial providers of computer aided 

parametric cost estimating models. The author explicitly mentions and 

concentrates on PRICE because the following sections wi11 focus on the data and 

structures that are provided by PRICE. 
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4 The Idea 

4 The Idea 

4. 1 The Statistical Problem 

As mentioned in earlier chapters the parametric cost estimate is the most 

commonly used method in project management. At the b ginning of a project this 

method can be used for budget planning and tender evaluation (see Table 2 on 

page 49) and during the project it accompanies the phases as an independent tool 

for verifying detailed methods. The main influence on the accuracy of the 

parametric estimate is the CER. The CER itself is based on regression analysis 

and therefore the quality of the analysis determines the validity of CER's. This 

chapter gives a closer insight into possible errors that are based on regression 

analysis and which affect the quality of the CER and parametric cost estimate. For 

simplification purpose mathematical formulas and proofs are not included in this 

section. To provide sufficient information the idea of mathematical procedures is 

displayed graphically. 

4.1.1 Two-Dimensional Example 

In real life many cost structures are not linear. For examp.le the d1iving speed of a 

car influences the consumption of fuel and therefore the costs. Driving at a very 
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Figure 18: Linear regression analysis of peed and fuel con umplion 
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Figure 19: Non linear regression analy is of peed and fuel consumption 

low speed usually creates relatively high fuel usage because the car is driven with 

a low gear. Driving at a higher speed does not necessarily mean a higher usage of 

fuel because both a higher gear is used and the engine can run at its optimal 

torque. Driving at a very high speed usually increases the consumption of fu I 

because wind resistance and engine work rates are relatively high. Each point in 

Figure 18 is an example for how much fuel has b en used at a certain spe d. 

With the method of the 1 ast squares a linear regression analysis would supply a 

straight line to represent the data (see Figure 18). TI1e advantage of this method is 

that there is a mathematical algorithm which creates the equation of this lin and 

the user of this method does not need to estimate th course of the function . 

Unfortunately in this case this repr sentation is very weak b caus many data 

records are far away from the representing line and the con-elation c efficient as 

measure for the quality of this repr sen ta ti on will be very low. Since there is a non 

linear conn ction between costs and spe d a curv with a much clos r fit to the 

data and which thus has a higher correlation coeffici nt is sh wn in Figure 19; 

each point is much clos r to the representing curv . Linear regression analysi is 

only able to recognise a straight line relationship. 

TI1e method of non linear regression analysis assumes a knowledge of th 

general form of the curve (see Figure 19) that is going tor pres nt th data. Th 

shape of the curve .is usually estimated by looking at graphically display d data. If 

th equation of the curve was familiar there would b non d t arry out a 
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Figure 20: Kernel estimator of speed and fuel consumption 

150 

regression analysis! With the method of co-ordinate transformation the data 

points can be transformed into a straight line. With the help oflinear regression 

analysis the best fitting line is found . Although there is an advantage in obtaining 

a better fitting curve, this method has a major disadvantage. Th user bas to guess 

the right transformation according to the data . Jn the example above this equation 

can be recognised quite easily because the dots are located very close to each 

other and a mathematical relationship is fairly clear. Practical xpetience shows 

that in many cases it can be very difficult to find the underlying equation. 

The kernel estimator ( or robust estimator) is a statistical method to detennin a 

curve without the necessity of guessing the initial equation. According to Figure 

20 the data is divided into many little subsections. For each of these subsections a 

linear regression analysis is carried out. o retrieve a curve each small lin ts 

linked with its n ighbouring lines one aft r anoth r. This m tbod is 

mathematically extremely complicated and very tim consuming, even for 

specialists in this field 74
, and would be impractical for the majority of cost 

estimators in a business environment. 

74 Discussion with Prof. Dr. B md Bluemel, Macrkiscl1e Fachhochschu.1 • Is ·rlohn, Hagen, 28th of 

August 1996 
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Figure 21: Three-dimensional data sets 

4.1.2 Three-Dimensional Example 

The example in chapter 4.1.1 was limited to one parameter (speed) that innuences 

the consumption of fuel. Now we look at an example where two parameters affect 

the costs. Providing that the car drives up or down a hill the fuel usage also 

depends on how steep the slope is. Driving downhill decreases and driving uphill 

increases the fuel onsumption. 

Figur 21 shows how the data might be spread in the three-dimen ionaJ space. x­

and y-values represent the influencing paramet rs (speed and slop ) whit the 

result is shown on the z-axis (costs of :fuel). Comparable t the linear r grcssion 

analysis in chapter 4.1.1 now the multiple regres ion analysis supplies a plane to 

represent the data (see Figure 22). Besides the abov mention d advantctge 

(mathematical algorithm to create the quation) again th correlation coeffi cient 

can b very poor because many records are far away from the repre enting plane. 
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Figure 22: Multiple regression analysis 

A mountain range as shown in Figure 23 is much closer to the data group and 

would therefore reach a better correlation. But unfortunately the result of a 

multiple regression analysis is always one dimension below the data material. Jn 

this example there a.re three variables (fuel usage, slope, speed) that create a three­

dimensional space. The result of the regression analysis is therefore two­

dimensionaJ (plane). In the example of chapter 4.1.1 there are onJy two variables 

(fuel usage, speed) that create a two-dimensional space and 1J1e result of tl1e 

regression analysis is therefore one-dimensional (straight line). 

Equivalent to the non-linear regression analysis in chapter 4.1. I the non linear 

multiple regression analysis (see Figure 23) assumes the knowledge of the 

dependencies between the costs and the variables (an equation with two variabl s 

that results in costs must be determined). A disadvantage is that the variables are 

assumed to be independent of each other although in practice it may not always be 
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Figure 23: non linear multiple regression analysis 

obvious when this is not the case. In these circumstances it can be extremely 

complicated to find the underlying relationship. 

4.1.3 N-Dimensional Example 

As well as the speed and slope there are further parameters which influence the 

fuel consumption of the car - street condition, tyre pressure, weather conditions 

(wind and temperature) etc. 

In this case there are more than three parameters. Their influence on the costs 

cannot be displayed graphically because it is physically impossible. From the 

mathematical point of view each extra parameter is treated as an extra variable. 

Therefore a multiple regression analysis can be carried out for n parameters. In 

chapter 4.1.2 the data was spread in a three-dimensional space. The result of the 

multiple regression analysis is a plane. In this chapter the data is spread in an n­

dimensional space. The result of the regression is a (n-1 )-dimensional hyper 

plane. The advantages and disadvantages of the regression analysis still remain. 
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The non-linear multiple regression analysis is difficult to use because there is 

no way to display graphically n-dimensional data. Therefore the fitting curve can 

only be determined by trial and error. 

4.2 Possible Solution: Neural Net with Backpropagation Learning 

Algorithm 

Regression analysis is the most commonly applied tool for finding a functional 

connection in a data set. The general product of a regression analysis is a hyper 

plane. Since it bas one dimension less than the actual data space it will not be able 

to represent the data precisely unless the data forms a perfectly linear function . 

With the regression analysis n-dimensional data results in a (n-1 )-dimensional 

function. If n-dimensional data could result in an-dimensional function a higher 

correlation can be reached. Th.is is where neural networks begin to play a 

significant role. 

According to chapter 2.6.4.2 a Multi-Layer Perceptron is able to represent any 

function and there is no limitation to the amount of input and outpu values. This 

means that n-dimensionat data can be represented with this neural network. 

Providing that there is a functional connection between the variables a neural 

network should theoretically be able to find this function. The typical learning 

algorithm for a Multi-Layer Perceptron is Backpropagation (see chapter 2.6.4.3). 

Backpropagation is based on a mathematical formula that minimises the error of 

the network function and there is no need to consider any properties of the 

represented function. In the fol1owing sections the author wants to show to what 

extent a Multi-Layer Perceptron with Backpropagation learning algorithm is able 

to replace regression analysis for the determination of a function for parametric 

estimates. 

4.3 Software Programs for Neural Networks 

There is wide range of shareware programs for neural n tworks available. Toes 

selected programs offer Backpropagation learning algorithm for Multi-Layer 
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Perceptron. The following sections summarise descriptions of available software 

and which were either obtained by the internet 75 or by the help manual of the 

corresponding software. 

l . Rochester Corrnectionist Simulator: A quite versatile simulator program for 

arbitrary types of neural nets. Comes with a backprop package and a 

XI 1/Sunview interface. 

2. GENESIS: GENESIS 2.0 (GEneral NEural Slmulation System) is a general 

purpose simulation platform which was developed to support the simulation of 

neural systems ranging from complex models of single neurons to simulations 

of large networks made up of more abstract neuronal components. Most 

current GENESIS applications involve realistic simulations of biological 

neural systems. Although the software can also model more abstract networks, 

other simulators are more suitable for backpropagation and similar 

connectionist modelling. Runs on most Unix platfonns. Graphical front end 

XODUS. Parallel version for networks of workstations, symmetric 

multiprocessors, and MPPs also available. 

3. DartNet: DartNet is a Macintosh-based backpropagation simulator, developed 

at Dartmouth, USA, by Jamshed Bharucba and Sean Nolan as a pedagogical 

tool. It makes use of the Mac's graphical interface, and provides a number of 

tools for building, editing, training, testing and examining networks. 

4. SNNS 4.1: "Stuttgart Neural Network Simulator" from the University of 

Stuttgart, Germany. A luxurious simulator for many types of nets; with Xl 1 

interface: Graphical 2D and 3D topology editor/visualizer, training 

visualisation, multiple pattern set handling etc. Currently supports 

backpropagation (vanilla, online, with momentum term and flat spot 

elimination, batch, time delay), counterpropagation, quickprop, 

75 Sarle, Warren: Frequently asked qne tions about neural networks, URL: 

hU:p://www.faqs.org/faqs/ai-faq/neura1-nets/part5/, pa11: 5 and pa1t 6 of 7: free and commercial 

soflwarc, visited on September 91
h 1996 
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backperco]ation I, generalised radial basis functions (RBF), RProp, ART! , 

ART2, ARTMAP, Cascade Correlation, Recurrent Cascade Coffelation, 

Dynamic L VQ, Backpropagation through time (for recurrent networks), batch 

backpropagation through time (for recurrent networks), Quickpropagation 

through time (for recurrent networks), Hopfie]d networks, Jordan and Elman 

networks, autoassociative memory, self-organising maps, time-delay networks 

(TONN), RBF _DDA, simulated annealing, Monte Carlo, Pruned Cascade­

Correlation, Optimal Brain Damage, Optimal Brain Surgeon, Skeletonization, 

and is user-extend.able (user-defined activation functions, output functions, 

site functions , learning procedures). C code generator snns2c. Works on 

SunOS, Solaris, IRJX, Ultrix, OSF, AIX, HP/UX, NextStep, and Linux. 

Distributed kernel can spread one learning run over a workstation cluster. 

5. PDP: The PDP++ software is a new neural-network simulation system written 

in C++. It represents the next generation of the PDP software released with the 

McClelland and Rumelhart "Explorations in Parallel Distributed Processing 

Handbook", MIT Press, 1987. It is easy enough for novice users , but very 

powerful and flexible for research use. Works on Unix with X-Windows. 

Features: Full GUI (Interviews), real-time network viewer, data viewer, 

extendable object-oriented design, CSS scripting language with source-level 

debugger, GUI macro recording. Algorithms: Feedforward and several 

recurrent BP, Boltzmann machine, Hopfield, Mean-field, Interactive 

activation and competition, continuous stochastic networks. 

6. Uts (Xerion, the sequel): Uts is a portable artificial neural network simulator 

written on top of the Tool Control Language (Tel) and the Tk UI toolkit. As 

result, the user interface is readily modifiable and it is possible to 

simultaneously use the graphical user interface and visualisation tools and use 

scripts written in Tel. Uts itself implements only the connectfonist paradigm of 

linked units in Tel and the basic elements of the graphical user interface. To 

make a ready-to-use package, there exist modules which use Uts to do back­

propagation (tkbp) and mixed em gaussian optimisation (tkmxm). 
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7. Nevada Backpropagation (NevProp): NevProp is a free, easy-to-use 

feedforward backpropagation (multilayer Perceptron) program. It uses an 

interactive character-based interface, and is distributed as C source code that 

should compile and run on most platforms. (Precompiled executables are 

available for Macintosh and DOS.) The original version was Quickprop 1.0 by 

Scott Fahl man, as translated from Common Lisp by Terry Regier. An early­

stopped training based on a held-out subset of data, c index (ROC curve area) 

calculation, the ability to force gradient descent (per-epoch or per-pattern), 

and additional options are added. Features (Nev Prop version 1. I 6): Unlimited 

(except by machine memory) number of input Patterns; unlimhed number of 

input, hidden, and output units; arbitrary connections among the various 

layers' units; clock-time or user-specified random seed for initial random 

weights; choice of regular gradient descent or Quickprop; choice of per-epoch 

or per-pattern (stochastic) weight updating; generalisation to a test data set; 

automaticalJy stopped training based on generalisation; retention of best­

generalizing weights and predictions; simple but useful graphic display to 

show smoothness of generalisation; saving of results to a file while working 

interactively; saving of weights file and reloading for continued training; 

prediction only on data sets by applying an existing weights file; in addition to 

RMS error, the concordance, or c index is displayed. The c index (area under 

the ROC curve) shows the correctness of the relative ordering of predictions 

among the cases; i.e., it is a measure of discriminative power of the model. 

8. PYGMALION: This is a prototype that stems from an ESPRIT project. It 

implements back-propagation, self organising map, and Hopfield nets. 

9. Basis-of-AI-NN Software: DOS and UNIX C source code, examples and 

DOS binaries are available in the following different program sets: backprop, 

quickprop, delta-bar-delta, recurrent networks, simple clustering, k-nearest 

neighbour, L VQ I , DSM, Hopfield, Boltzman, interactive acti ation network, 

interactive activation network, feedforward counterpropagation, ART I, a 

simple BAM and the linear pattern classifier. 
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10. Matrix Backpropagation: MBP (Matrix Back Propagation) is a very efficient 

implementation of the back-propagation alg01ithm for current-generation 

workstations. The algorithm includes a per-epoch adaptive technique for 

gradient descent. All the computations are done through matrix multiplication 

and make use of highly optimised C code. The goal is to reach almost peak­

perfonnances on RISCs with superscalar capabilities and fast caches. On some 

machines (and with large networks) a 30-40x speed-up can be measured with 

respect to conventional implementations. 

11 . WinNN: WinNN is a shareware Neural Networks (NN) package for windows 

3.1. It incorporates a very user friendly interface with a powerful 

computational engine. WinNN is intended to be used as a tool for beginners 

and more advanced neural networks users, it provides an alternative to using 

more expensive and hard to use packages. WinNN can implement feed 

forward multi-layered NN and uses a modified fast back-propagation for 

training. Extensive on line help. Has various neuron functions. Allows on the 

fly testing of the network performance and generalisation. All training 

parameters can be easily modified while WinNN is training. Results can be 

saved on disk or copied to the clipboard. Supports plotting of the outputs and 

weight distribution. 

Personal comments: This program is easy to use and offers a quite good 

variety to influence the learning algorithm. In the demo version the amount of 

nodes is limited. 

12. The Brain: The Brain is an advanced neural network simulator for PCs that is 

simple enough to be used by non-technical people, yet sophisticated enough 

for serious research work. It is based upon the backpropagation ]earning 

algorithm. 

Personal comment: Demo version is restricted to number of units the 

network can handle due to memory constraints on PC's. The software mns 

under DOS and has no graphical interface. 
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13. AINET: aiNet is a shareware Neural Networks (NN) app]ication for MS­

Windows 3 .1. It does not require learning, has no limits in parameters (input 

& output neurons), no limits in sample size. It is not sensitive toward noise in 

the data. Database can be changed dynamically. It provides a way to estimate 

the rate of error in your prediction. Missing values are handled automatically. 

It has graphical spreadsheet-like user interface and on-line help system. It 

provides also several different charts types. 

Personal comments: Because this program does not require any learning 

phase, it is probably based on some statistical algorithms which might come 

close to the properties of a neural network but do not match it exactly. Some 

tests had been undertaken with this program and the results were quite 

implausible. Furthermore the learning parameters are limited to one so called 

"penalty coefficient" and therefore a finer tuning of individual networks is not 

possible. 

14. PMNEURO 1.0a: PMNEURO creates neuronal networks (backpropagation); 

propagation results can be used as new training input for creating new 

networks and following propagation trials. 

15. NEUNET 1.2: A Complete Neural Network Development System (personal 

comments): This program contains the Backpropagation algorithm with only 

basic parameters to influence the learning. As long as the program is not 

registered the user is constantly interrupted in his work by a registration 

reminder. 

16. SLUG: is a front end for a backprop net with 3 layers, using a sigmoid 

transfer function in the hidden layer and linear transfer functions in the output 

layer. SLUG uses the steepest descent optimisation method (simple backprop). 

You can set the number of nodes in each layer, training parameters and 

transfer functions. An integrated editor a11ows instant access to training data 

and output. SLUG saves networks on dos streams. 

Personal comments: SLUG is a easy to use an offers almost all parameters to 
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influence the learning process. Unfortunately it bas not got any features to 

show the results graphical display because this helps to understand the results 

of network more easily. 

17. NNDT 1.4: The Neural Network Development Tool software is as a tool for 

neural network training. The MLP algorithm implements multi-layer 

Perceptron networks. Both feed-forward networks and partially recurrent 

networks are implemented. Several alternatives for the node activation 

function are available. The network training is carried out using the 

Levenberg-Marquardt optimisation method. 

Personal comments: NNDT has a good graphical interface but the software is 

limited to 3 hidden ]ayers, 20 nodes / layer, and 200 parameters (weights, 

biases, initial states). 

18. Qnet 2.11: 32-bit Neural Net modelling under Windows 

Personal comments: Very powerful program with a lot of features but also 

very expensive ($199) 

19. Fuzzy Symbolic Conoectionist Network 1.0: fSC-Net is a hybrid 

symbolic/connectionist network that utilises fuzzy logic as its mean to perform 

uncertainty management. The main purpose of fSC-Net is to act as a 

knowledge acquisition tool, which can be used by domain experts in the 

development of expert systems. FSC-Net supports the direct incorporation of 

fuzzy variable membership functions through the user, or by automatically 

learning the appropriate membership functions for any given input. 

Personal comments: There is no interactive help menu that supports the use 

of the program. Therefore it is difficult to use. 

20. TDL 1.1: The purpose ofTDL is to provide users of neural networks with a 

specific platform to conduct pattern recognition tasks. It is possible to 

incrementally learn various pattern recognition tasks within a single oberent 
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neural network structure. Furtbennore, TDL supports the use of semi­

weighted neural networks, which represent a hybrid cross between standard 

weighted neural networks and weightless multi-level threshold units. 

Combining both can result in extremely compact network structures (i.e., 

reduction in connections and hidden units), and improve predictive accuracy 

on yet unseen patterns. 

Personal comments: The developer of this toolkit is the same as for Fuzzy 

Symbolic Connectionist Network. Therefore the same problems apply with 

this program. 

21. Neural Networks for Windows: 

Personal comments: Neural Networks for Windows is a very simple 

application to understand the basic rules of neural networks. Each neuron and 

node is graphically displayed. The program is limited to 20 nodes. 

22. NNMODEL 1.06: The NNMODEL combines a back-error propagation neural 

network with an advanced statistical based hidden neuron growth heuristic to 

outperform established methodologies on a wide range ofprobl ms while 

remaining statistically conservative. Statistical and graphical displays enable 

the user to quickly detennine how well the model wiJl perform in it fma] 

form . Basic performance statistics, sensitivity analysis reports along with 

many graphical analysis features round out the NNMODELs analytical tools. 

Personal comments: It is an effective modelling too] because it automatically 

constructs mathematical models directly from the data and it has many 

features that help to edit and graph the data. In addition to that various 

statistical tools can help to analyse the data. 

This chapter bas outlined the use of linear regression in extracting mathematical 

relationships from raw data. It has also introduced the idea that neural networks 

can be applied for this purpose. Th.e following chapter develops this further by 

employing neural networks to uch an end. 
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5 Multi-Layer Perceptron to determine values of the 

complexity of the PRICE-Model 

To determine the manufacturing costs of a component the CER's for PRICE-H are 

mainly the weight and the complexity (MCPLXS) (see chapter 3.6). The 

influencing parameters for the complexity are: 

• Mach.inability (describes the djfficuJty in machining a material) 

• Maturity ( describes assembly difficulties due to either tight tolerances or 

expensive labour intensive processes.) 

• Platform (establishes the specification and testing level, operating environment, 

and reliability requirements that the element will be designed to meet.) 

• Precision (describes th.e governing tolerances for the fabricated part or 

assembly. It should be representative of the labour intensive operations 

required to obtain the required tolerance.) 

• Number of parts (is defined as the number of fabricated parts contained in an 

assembly, or a reasonable estimate of the number. Fasteners (bolts, nuts, rivets, 

etc.) should be not included in the parts count.) 76 

• Length (is defined as the longest side of a component. This parameter is put in 

relation with Precision. For example, a fabricated part with Length = 100mm 

and a Precision of I mm is more difficult to produce and therefore has a higher 

complexity than a component with Length = I 0mm and a Precision of 3mm.) 

Because machinability, maturity, platform, precision and number of parts are 

combined in a mathematical function to result in the MCPLXS a Multi-Layer 

Perceptron should be able to emulate this function. In order to train this neural 

network Martin Marietta International Inc. Price Systems, Frankfurt, placed the 

data set in Table 8 at the author's disposal. 

76 Petters, Claus: Computer ajded parametric cost e timation, DASA-LA Hamburg, 1995, p. 4-2 
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Mach Mat Plat Pree MCPLXS Mach Mat Plat Pree MCPLXS Mach Mat Plat Pree 
100 3 0.6 O.Ql 3.5168 100 4 1.8 0,07 4.0133 140 3 1.8 0.4 
100 3 0.6 0.02 3.3248 100 4 1.8 0.09 3.9324 140 3 2.2 0.01 
100 3 0.6 0.03 3.2 173 100 4 1.8 0.2 3.686 1 140 3 2.2 0.03 
100 3 0.6 0.04 3.1432 100 4 1.8 0.4 3.4848 140 3 2.2 0.05 
100 3 0.6 0.05 3.0869 100 4 2.2 0.01 5.3298 140 3 2.2 0,07 
100 3 0.6 0.06 3.0417 100 4 2.2 0.03 4.876 140 3 2.2 0.09 
100 3 0.6 0.07 3.0039 100 4 2.2 0.05 4.6784 140 3 2.2 0.2 
100 3 0.6 0.08 2.9716 100 4 2.2 0.07 4.5526 140 3 2.2 0.4 
100 3 0.6 0.09 2.9434 100 4 2.2 0.09 4.4608 140 4 I ().()1 
100 3 0.6 0.1 2.9184 100 4 2.2 0.2 4.1814 140 4 I 0.03 
100 3 0.6 0.2 2.759 1 100 4 2.2 0.4 3.9531 140 4 I 0.05 
100 3 0.6 0.3 2.6699 100 5 0.6 0.01 3.0948 140 4 I 0.()7 
100 3 0.6 0.4 2.6084 JOO 5 0.6 0.03 2.83 13 140 4 I 0.09 
100 3 0.6 0.5 2.5617 100 5 0.6 0.05 2.7165 140 4 1 0.2 
100 3 1 0.01 4. 1413 JOO 5 0.6 0.07 2.6435 140 4 I 0.4 
100 3 1 0.03 3.7887 100 5 0.6 0.09 2.5902 140 4 1.4 0.01 
100 3 I 0.05 3.635 1 100 5 0.6 0.2 2.428 140 4 1.4 0.03 
100 3 I 0.()7 3.5374 JOO 5 0.6 0.4 2.2954 140 4 1.4 0,07 
100 3 I 0.09 3.4661 100 5 I 0.01 3.6443 140 4 1.4 0.09 
JOO 3 1 0.2 3.249 100 5 I 0.03 3.334 140 4 1.4 0.2 
100 3 I 0.4 3.0716 100 5 I 0.05 3.1989 140 4 1.4 0.4 
100 3 1.4 0.01 4.6121 100 5 1 0,07 3.1 129 140 4 1.8 0.01 
100 3 1.4 0.03 4.2 194 JOO 5 1 0.09 3.0502 140 4 1.8 0.03 
100 3 1.4 0.05 4.0484 100 5 1 0.2 2.859 1 140 4 1.8 0.05 
100 3 1.4 0.07 3.9395 JOO 5 1 0.4 2.703 140 4 1.8 0.07 
100 3 1.4 0.09 3.8601 JOO 5 1.4 0.01 4.0586 140 4 1.8 0.09 
100 3 1.4 0.2 3.6 184 JOO 5 1.4 0.03 3.7 131 140 4 1.8 0.2 
JOO 3 1.4 0.4 3.4208 JOO 5 1.4 0.05 3.5626 140 4 1.8 0.4 
100 3 1.8 0.0 1 4.9983 JOO 5 1.4 0.07 3.4668 140 4 2.2 0.01 
JOO 3 1.8 ().()3 4.5727 100 5 1.4 0.09 3.3969 140 4 2.2 (),03 
100 3 1.8 0.05 4.3874 100 5 1.4 0.2 3.1842 140 4 2.2 0.05 
100 3 1.8 Q,07 4.2694 JOO 5 1.4 0.4 3.0103 140 4 2.2 0.07 
JOO 3 1.8 0.09 4.1834 JOO 5 1.8 0.01 4.3985 140 4 2.2 0.09 
100 3 1.8 0.2 3.92 14 100 5 1.8 0.03 4.024 140 4 2.2 0.2 
JOO 3 1.8 0.4 3.7073 JOO 5 1.8 0.05 3.8609 140 4 2.2 0.4 
100 3 2.2 0.0 1 5.6496 JOO 5 1.8 0,07 3.7571 140 5 I 0.01 
100 3 2.2 0.03 5.1686 100 5 1.8 0.09 3.68 14 140 5 I 0.03 
100 3 2.2 0.05 4.959 1 100 5 1.8 0.2 3.4508 140 5 I 0.05 
100 3 2.2 0.07 4.8257 100 5 1.8 0.4 3.2624 140 5 ] 0.07 
100 3 2.2 0.09 4.7285 100 5 2.2 0.0 1 5.01 140 5 1 0.09 
100 3 2.2 0.2 4.4323 100 5 2.2 0.03 4.5834 140 5 l 0.2 
100 3 2.2 0.4 4.1903 100 5 2.2 0.05 4.3977 140 5 I 0.4 
100 4 0.6 0.01 3.3058 100 5 2.2 0.()7 4.2794 140 5 1.4 0.01 
100 4 0.6 0.03 3.0243 100 5 2.2 0.09 4. 1932 140 5 1.4 0.03 
JOO 4 0.6 0.05 2.9017 JOO 5 2.2 0.2 3.9306 140 5 1.4 0.05 
100 4 0.6 0.07 2.8237 JOO 5 2.2 0.4 3.716 140 5 1.4 0.07 
100 4 0.6 0.09 2.7668 140 3 1 0.01 4.108 140 5 1.4 0.09 
JOO 4 0.6 0.2 2.5935 140 3 I 0.03 3.7582 140 5 1.4 0.2 
100 4 0.6 0.4 2.45 19 140 3 I 0.05 3.6059 140 5 1.4 0.4 
100 4 1 0.01 3.8928 140 3 I 0.07 3.5089 .140 5 1.8 0.01 
100 4 I 0.03 3.5614 140 3 I 0.09 3.4382 140 5 1.8 0.03 
100 4 I 0.05 3.417 140 3 I 0.2 3.2229 140 5 1.8 0.05 
100 4 I 0,07 3.325 1 140 3 l 0.4 3.0469 140 5 1.8 0.07 
100 4 1 0.09 3.2581 140 3 1.4 0.01 4.575 140 5 1.8 0.09 
100 4 I 0.2 3.0541 140 3 1.4 0.03 4. 1854 140 5 1.8 0.2 
100 4 I 0.4 2.8873 .140 3 1.4 0.05 4.0158 140 5 1.8 0.4 
JOO 4 1.4 0.01 4.3353 140 3 1.4 0.07 3.9078 140 5 2.2 0.01 
100 4 1.4 0.03 3.9662 140 3 1.4 0.09 3.8291 140 5 2.2 0.03 
JOO 4 1.4 0.05 3.8055 140 3 l.4 0.2 3.5893 140 5 2.2 0.05 
100 4 1.4 0.07 3.7031 140 3 1.4 0.4 3.3933 140 5 2.2 0.07 
JOO 4 1.4 0.09 3.6285 140 3 1.8 0.01 4.958 1 140 5 2.2 0.09 
100 4 1.4 0.2 3.4013 140 3 1.8 0.03 4.5359 140 5 2.2 0.2 
JOO 4 1.4 0.4 3.2156 140 3 1.8 0.05 4.3521 140 5 2.2 0.4 
100 4 1.8 0.01 4.6984 140 3 1.8 0.07 4.2351 140 4 1.4 0.05 
JOO 4 1.8 0.03 4.2984 140 3 1.8 0.09 4.1497 
100 4 1.8 0.05 4.1241 140 3 1.8 0.2 3.8898 

Table 8: generated MCPLXS with PRICE 

To Urn.it the amount of data the number of parts is set on 1 and has therefore no 

influence on the MCPLXS. Next to this only two kinds of machinability are used 

(100 and 140). For each machinability the three most common Mahirities (3,4,5) 

are implemented, which are in a midd1e oftbe total range from 1 to 6. All 
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MCPLXS 
3.6775 
5.604 1 
5.127 
4.9192 
4.7869 
4.6905 
4.3967 
4. 1566 
3.86 15 
3.5327 
3.3895 
3.2984 
3.23 19 
3.0295 
2.8641 
4.3005 
3.9343 
3.6734 
3.5993 
3.3739 
3. 1897 
4.6606 
4.2638 
4.091 
3.98 1 
3.9008 
3.6564 
3.4568 
5.2869 
4.8368 
4.6407 
4.516 
4.425 
4.1478 
3.9214 
3.615 
3.3072 
3..1732 
3.0879 
3.0256 
2.836 1 
2.68 13 
4.026 
3.6832 
3.5339 
3.4389 
3.3696 
3.1586 
2.986 1 
4.363 1 
3.9916 
3.8298 
3.7269 
3.6518 
3.423 1 
3.2362 
4.9697 
4.5466 
4.3623 
4.245 
4.1595 
3.8989 
3.686 1 
3.7749 
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T rainii,g T yp:e 

@ Standard QEP 
0 Eq~~I Sp ced Iner menl · 
. 0 Marni I Increment 
G Autnm tic lnaement . 

Figure 24: Edit Training Parameters Dialog Box in NNModel 

platforms (0.6, 1.0, 1.4, t .8, 2.2 see chapter 3.6.2) and for each of these platfonns 

the precision is in a range from 0.05 to 0.4 are calculated. Machinability, maturity, 

platform, precision are input parameters and MCPLXS is the only output 

parameter. 

5. 1 The software NNMODEL 

According to chapter 2.6.4.2 NNMODEL u es one hidd n layer only b cause this 

is sufficient to represent any logical function . Since the author of this thesis judge 

this software program as an effective modelling tool because it automatically 

constructs mathematical models directly from the data and because it has many 

features that help to edit and graph the data NNModel will be used to determine 

values of the complexity of the PRI E-Model . 

Before the actual training phase some parameters ne d to be s t up in the "Edit 

Training Parameters" dialog box (see Figure 24 ), because some can substantially 

influence learning behaviour of the network; otl1ers hav a less significant impact. 

171ey are outlined as follows: 
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• Max ffjdden: The total number of neurons in the hidden layer is 50. As 

experience shows this number is quite high. But the training algmithm is still 

fast and therefore this amount is manageable for the computer. 

• Eon: Number of presentations of the training set to train before checking the 

statistics or updating the training progress graph. This value does not influence 

the training algorithm. 

• Max Training: Number of steps until the training is finished. The following 

tests had been set to 2000, because experience showed that after tbjs number 

further trairnng of the neural net hardly improved the results. 

• Hidden Freeze: The amount to decrease the hidden neurons learning rate when 

adding a new neuron in the Automatic Increment training algorithm. This value 

does not influence the training, because the Standard BEP (Backpropagation) 

was chosen. 

• Error Tolerance: The tolerance band that all predictions must be within (total 

Sq. Error) to end the training. To make sure that this value does not interrupt 

the training too quickly the tolerance is set to a low value of 0.005. 

• Good RSQ: When the Rooted Square Error of the model falls under this value, 

the training is stopped (providing that the "Stop Training On Good R Square"­

button is activated). 

• Sign Inc: Use in calculating when to add a new neuron (Automatic Increment). 

This value does not affect the training. 

• No Sign Inc: Used in calculating when to add a new new-on (Automatic 

Increment). This value does not affect the training. 

• Tolerance: Acceptable error, used in graphs and in calculating the number of 

points above and below (training graph) and by the Automatic Increment 

algorithm. This value does not affect the training. 

• Learning Rate: The in.itial learning rate for the hidden layer to output layer 

connections. 

• HLearning Rate: 111e initial learning rate for the input layer to hidden layer 

connections. 

• TLearning Rate: The initial learning rate for the aH threshold connections. 

• TO Learning Rate: Toe ]earning rate for the direct input layer to output layer 

connections. Only valid if onnect Inputs to Outputs button is on. The I aming 
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algorithm of the Perceptron (i:1wij = a*i/Ei) is based on the Delta-Rule (see 

chapter 2.5). a is the constant factor which determines the speed of the learning 

process (if a in the above mentioned formula is very small the learning is too 

slow but if a is too big the learning algorithm might oscillate between negative 

and positive values). According to chapter 2.6. l .2 a has a value between O and 

I. 

• Alpha: The momentum term (see chapter 2.6.4.5 ). 

• Theta: The value feeding all threshold inputs. (default is set to 0.5). This value 

is not described to the user in the software reference manual . Manual changes 

of this value do not influence the results of the network and therefore no further 

attention is paid to this number. 

• Random Fact: The scaling factor used when initialising the model weights. 

This value determines the numerical range of the initial weights. Changing this 

number hardly modified the results of this chapter and therefore nor further 

attention will be paid to this value. 

• lnRandom Fact: The scaling factor of Gaussian noise used when training the 

model. This value is useful for the creation of scattering in the data. However 

in this chapter no Gaussian noise is required. 

• Auto Save: Number of presentations oftbe training between auto saving the 

weights. 

• Seed: The seed value is used to initialise the random number generator. This 

value is not further described in the user manual and therefore the author 

cannot be certain about its specific use. Because different adjustments of this 

number did not significantly change the performance of the network no further 

attention will be paid to this value. 

• Training Type: Toe following toggles can be selected 

• Standard BEP: Train using the standard BEP algorithm. 

• Equal Spaced Increment: Add a new hidden neuron at an equally spaced 

intervals. 

• Manual Increment: Add a new neuron to the h1dden layer upon command 

by the user. 

• Automatic Increment: Auto detect when to add a neuron to the hidden 

layer. 
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• Stop Training On: TI1e following toggles can be selected 

• Tolerance: Stop training when all predictions are within the tolerance band. 

• Error Tolerance: Stop training when the total error is below the value 

specified. 

• Good R Square: Stop when a good enough R square is reached. 

• Connect Inputs to Outputs: Connect the input neurons directly to the output 

neurons. This option will speed convergence if the relationships are simple. 

• CG Optimisation after Eon: Perfonn conjugate gradient optimisation on the 

weight matrix after each Eon. CG will not start until at least 500 presentations 

of the training matrix bas been completed. 

• Set Default: Save the current settings as the default values. 

• Get Default: Reset the current values to the default. 

If the test data are the same as the training data then the model would perform 

excellently and so a balance needs to be struck between the amount of data used 

for training and the amount held in reserve for testing the results provided by the 

neural network. 

In order to be able to test the performance of the neural networ I 0% of the 

available data shown in Table 8 were chosen randomly and excluded from the 

training matrix. For the input parameters of this test matrix the output value is 

calculated by the neural network and compared with the given value of the 

MCPLXS. This process was repeated four times. The result are five neural mod ls 

and five test matrices that have been tested with their corresponding model (see 

Table 9). M MCPLXS (measured MCPLXS) is the complexity that has been 

generated by the PRICE-Model. P _MCPLXS is the predicted value by the 

network and R_MCPLXS (residual MCPLXS) shows the difference between 

detem1ined and predicted values (R_MCPLXS = M_MCPLXS -P _MCPLXS). If 

Table 8 is compared with Table 9 you might realise that some of the data sets in 

Table 9 occur two or three times (shown in bold in Table 9 ). The reason for this 

is that the training matrices for each network have been chosen randomly and 

therefore some data sets have been chosen several times. The predicted values of 
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M_MCPLXS P_MCPLXS R_MCPLXS M_MCPLXS P _MCPLXS R_MCPLXS M_MCPLXS P_M PLXS R_MCPLXS 
2.5902 2.676033 -0.085834 3.615 3.548826 0.066 175 4.1854 4.178259 0.007141 
2.6084 2.715463 -0. 107063 3.6832 3.698549 -0.0 15349 4.235 1 4.293899 -0.058799 
2.68 13 2.687385 -0.006085 3.7073 3.79 1609 -0.084309 4.245 4.197404 0.047596 
2.7165 2.819942 -0.103441 3.7269 3.80799 -0.081089 4.2694 4.322 11 8 -0.0527 18 
2.759 1 2.884526 -0.125426 3.7749 3.721739 0.053 16 1 4.3005 4.I51374 0.149 126 
2.9017 3.025 166 -0.123466 3.8055 3.7 11 0.0945 4.3521 4.460367 -0. 108267 
2.9861 2.991338 -0.005238 3.8601 3.761904 0.098196 4.3623 4.386294 -0.023994 
3.0 103 2.98196 0.02834 3.8601 3.752869 0.107231 4.3623 4.366773 -0.004473 
3.0243 3.1 22365 -0.098064 3.8609 3.928773 -0.067873 4.363 1 4.37 133 1 -0.0082 I 
3.04 17 3.195973 -0.154273 3.8615 3.671534 0.189966 4.3874 4.45624 1 -0.06884 1 
3.0469 2.98268 0.06422 3.8615 3.675349 0.1861S1 4.3977 4.380002 0.017698 
3.0S02 2.984426 0.065774 3.8989 3.79091 0.10799 1 4.3985 4.407428 -0.008928 
3.0502 2.9S1974 0.098226 3.9008 3.926522 -0.025722 4.4323 4.394124 0.038177 
3.0716 3.019326 0.052274 3.9214 3.9S689 -0.03549 4.4323 4.375638 0.0S6663 
3.0948 3.12441 5 -0.029615 3.9214 3.933807 --0.012407 4.5 16 4.467927 0.048073 
3.1989 3.138702 0.060198 3.9306 3.832396 0.098204 4.5466 4.613783 -0.067183 
3.1989 3.118858 0.080042 3.9395 3.852 181 0.087319 4.$75 4.407325 0. 167675 
3.2229 3.147342 0.075558 3.9S31 3.939078 0.014022 4.6606 4.637693 0.022907 
3.2319 3.15843 0.07347 3.9531 3.927917 0.02S183 4.7869 4.753033 0.033867 
3.2362 3.3 13623 -0.077423 3.9662 3.874667 0.091533 4.8257 4.764647 0.061053 
3.2624 3.339702 -0.077302 3.981 4.014906 -0.033906 4.876 4.916309 -0.040309 
3.3072 3.35058 -0.04338 4.01 58 3.99 1331 0.024469 4.9 192 4.944203 -0.025003 
3.3248 3.558445 -0.233645 4.0484 3.982681 0.06S719 4.9591 4.917274 0.041826 
3.3739 3.27237 0.10153 4.0484 3.992234 0.056166 4.9591 4.93781 0.0212119 
3.3739 3.284775 0.089125 4.091 4.1 58689 -0.067689 4.9697 4.896284 0.073416 
3.4231 3.464 -0.0409 4.1413 3.954947 0.186353 4.9697 4.857352 0.112348 
3.4382 3.366391 0.071809 4.1413 3.94473 0.19657 4.9697 4.8114297 0.085403 
3.4389 3.424525 0.0 14374 4.1478 4.0923 0.0555 4.9983 4.978653 0.019647 
3.4508 3.482877 -0.032077 4.1497 4.184546 -0.034845 5.6041 5.368817 0.235283 
3.4668 3.39 1402 0.075398 4.1566 4.171335 -0.014735 5.6496 5.455539 0.194061 
3.5089 3.4846S1 0.024249 4.1814 4.089333 0.092067 5.6496 5.386086 0.26351S 
3.5089 3.488857 0.020043 4.1854 4.168245 0.017155 
3.5374 3.479253 0.058147 4.1854 4.166099 0.019301 

Table 9: result of test matrices 

these equal data sets differ from each other because their predictions are based on 

different networks. 

5.2 Results 

R_ MCPLXS in Table 9 shows that there is only a minim.al gap between predicted 

and determined complexities. According to the formulas listed below the relative 

mean error of the predicted values is only 1.88% (absolute mean R_M PLXS is 

0.072). The maximum error is 7.03% (R_MCPLXS 0.234). In Figure 25 it can be 

seen that almost 60% of aIJ errors are in the range from -2% to +2%. An 

inspection of Figure 25 might indjcate that the model tends to fewer large 

underestimates and more smaller overestimates. 

N 

L joutputi - targeti I 
absolute mean error = ..!,;i-:,!_t ______ _ 

N 

f outputi - targe!L 
. k l target 

relattve mean error = N 
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If you compare all measured complexities with their corresponding predicted 

complexities in a co-ordinate grid (see Figure 26) the ideal result would be that 

each point is exactly located on a straight tine of gradient 1, i. ·. measured value 

matches the predicted value. Because there are errors in the prediction, most of the 

dots are not exactly on the line but still very close to it. Here it can be seen that 

over- and underestimates a quite evenJy distributed. 

The explanation for the errors, even though they are small, is that the neural 

model was not able to find the exact equation that represents all vectors precisely. 

As mentioned in chapter 2.6.4.4 the Backpropagation algorithm might drop into a 

local minimum that comes very close to the required function but does not match 

it exactly. This particularly happens if a neural network has many more neurons in 

the hidden layer than are required. In this example the hidden layer had 50 

neurons. 

Using the same data on models with 9 neurons in the hidden layer showed that the 

results of these sma11er networks was comparable to the bigg r networks. The 

training time in this case was just less than a tenth of the time that was r quir d 
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for the networks with 50 neurons using the same software and hardware. With a 9 

neuron model there was still an average error of about 2%. These networks mjgbt 

have dropped into local minima although thjs is less likely than for the 50 neuron 

model. 

The good quality of the predicted values is not really very surprising or a reason 

to be very enthusiastic about neural networks. It must be considered that the 

complexity is strictly based on a mathematical function with machinability, 

maturity, platfonn and precision as its input parameters. Therefore th.e 

Backpropagation algorithm djd nothing but find this function with a 2% error. 

There is no noise in the data, for example missing input parameters, missing 

values, unnecessary parameters or simply wrong values. These are optimal 

conditions to for a neural network to find a representing functjon. 

The function that PRICE Systems uses to calculate the complexity is quite 

complex 77: 

77 Petters, CJaus: Computer aided parametric cost estimation. DASA-LA Hamburg, 1995, p. 4-4 
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MCPLXS = 4·3 * (PLTFM o.3
2
) *(NP o.4 ) * (1 + ((N - MA) * 0.06)) + Z· 

1.35 * (PRECJ 0.os 1) * (Ml o.024) ' 

N _ faif PLTFM < 2. 
- l4if PLTFM ~ 2 ' 

z - fo if L ::; I . 
- lo.01 * L0

·
6 if L > 1' 

PLTFM = Platfonn 

PRECJ = Precision 

NP = Number of parts 

MI = Mach.inability 

MA = Maturity 

L = Length 

Although this function is qwte complex a simple neural network trained with 

some samples only is capable to represent thjs function . This appears to be a 

simple way to creating a parametric cost estimating tool. In fact this is not so! The 

complexity itself gives no statement about the actual cost of a component. It is 

just an important figure used in the PRICE model to estimate the production costs. 

Many more parameters are required to calculate the actual costs of a project which 

is assembled out of many components. According to chapter 3.6.2 production 

costs can be divided into production costs, prototype costs, development costs and 

costs of tools and test equipment. PRICE employs these parameters in a 

mathematical function to detennine the final production costs. Therefore a bigger 

neural network, in tenns of more input parameters, should be able to represent this 

cost estimating function. 

5.3 Errors 

To develop a mathematical equation PRICE Systems has put together many data 

from many different projects from many companies into one database. If a 

company uses this equation to estimate the costs of one project this estimate will 

automatically be afflicted with an error. Tilis error originates from the fact, that 

the equation represents onJy typical values of different companies for the 

complexity (see chapter 3.6) and it does not consider individual characteristics of 

the company. 
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To reduce this error PRICE Systems requires users to calibrate the model by using 

their own data in order to improve the estimating accuracy of the model for each 

individual company. Because every company has its own individual style and 

because every employee has its personal skills every enterprise will have its 

individual cost characteristics. To adjust the parameters of the estimate it is 

important to perform a cost analysis on past projects and compare this data with 

the corresponding estimates. 

The calibration method for a neural cost estimate would be different to the 

calibration of a parametric model. The data from the cost analysis has to be 

processed so that it can be used as training data for the neural network. For the 

above mentioned example this would mean that the information from the cost 

analysis is used to perform a recalculation to gather the actual complexity. 

Complexity is not an impersonal attribute of an article but rather a particular 

attribute of an organisation's ability to produce that article. This complexity is 

combined with the corresponding platform, precision, machinability and maturity 

of a component. To calibrate the neural network these new recalculated data sets 

are used as training data for the model. There are two ways to insert this training 

data: 

1 . The new model is trained on both data generated by PRICE and from the 

individual organisation 's cost analysis using empirical data. The result would 

be a function that is mainly based on the mathematical equation of PRl E. 

This procedure is advisable if the company does not have enough cost analysis 

data sets at their disposal because then the empirical data of PlUCE would help 

to create a detailed function. In the Jong-term the model can be successively 

supplemented with empirical cost analysis data sets in ord r to calibrate it more 

and more to the companies structure. The error of the estimate might be a littl 

higher using this method than in the following method, particularly at the 

beginning, because the individual cost structure of the enterprise is only partly 

considered. 
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2. A completely new network is created that exclusively contains the data sets out 

of the empirical cost analysis only. A prerequisite for this alternative is a 

sufficient amount of data sets. The advantage of this alternative is, that the 

calibration error is totally eliminated. The new estimating accuracy might 

exceed the estimating accuracy of the PRICE model, because the neural 

network can create a completely new function with an optimal fit to the data set 

(see chapter 4.2) while the PRICE model has only an predetermjned 

relationship, which can only be moilified in a limited way. 

5.4 Conclusion 

The above mentioned example of a neural model is a new mathematical way to 

determine the complexity of a component. The stored information inside the 

network is based on the PRICE model and the mathematical equation and tl1e 

choice ofinput parameters (maturity, machinability, platform, etc.) originate from 

PRICE. It would be easy for a neural net to consider other influencing parameters 

as long as they are in any functional connection with the output parameter. Then 

the net would represent a completely new model. 

Thanks to avrulable shareware programs it is very simple to program a neural 

network. Besides NNModel other software programs (e.g. Qnet) have been tested 

on the same data. Their performance is comparable to the restults of this chapter. 

The quality of the represented function with NNModel can be easily tested with 

test data. Quality in terms of artificial intelligence solely means the characteristic 

of a functional relationship between input and output parameters. The network 

does not define the function itself. This is the major ilisadvantage of neural nets 

because it is very important for project managers to be able to follow the 

estimating procedure so that they can have a high level of confidence and are able 

to persuade others of the accuracy of their estimation. Particularly the Defence 

Contract Audit Agency (D AA) demanded in 1980 that financial negotiations for 
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military orders had to be based on Independent Parametric Cost Estimates (IPCE). 
78 To keep cost estimates comprehensible 

- CER's have to be logica1ly set up. 

- CER's have to be verifiable. 

- there have to be sufficient statistical interdependencies between the parameters. 

- the mathematical model has to be verifiable. 

For any parametric cost estimate it is easy to trace the determination of production 

costs because they are based on mathematical equations providing that these 

relationships are known. On the other hand the project manager might regard a 

neural network as a mysterious "black box" where some input values result in an 

output value. This "black box" might be the reason why parametric analysts might 

be very sceptical about this way of cost estimation unless the project manager is 

very familiar with neural networks. 

To some extent proprietary cost estimating models can be considered as a "grey 

box" because the complete mathematical basis of the models are not made known 

to the end user. From the point of view of the manufacturer of such models this is 

quite understandable as they wish to maintain an element of uniqueness and 

business secrecy. 

Even if it is absolutely necessary for the project manager to have a mathematical 

equation a neural network can still be of some help. It can support the estimator in 

developing a mathematical equation. To do so the estimator has to determine the 

parameters that mainly influence the production costs. The classical procedure 

then is to collect a sufficient amount of samples and then to perform a regression 

analysis. Instead of this analysis the estimator can easily develop a neural network 

with the samples and then check the quality of the network. 

78 Starrett, Charles 0 ., Jr.: Parametric Cost Estimating - An Audit Perspective, In: ISPA Journal of 

Paramctrics, Vol. I, No. 4, Spring 1982, p. 3 
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If the neural network has a bad quality this simply means that there is no 

functional connection between input and output parameters. Then the estimator 

has to determine other parameters and start all over again. 

If the neural network finds any functional relations in the data the estimator can 

now perform the regression analysis to find the underlying relationships. 

Although the relationship is not made explicit by the neural network some 

software programs give an indication about the strength of the influence of 

different parameters to the ultimate output. 

The advantage of this procedure is that the estimator can easily use a neural 

network to decide whether it is worthwhile performing a regression analysis. A 

simple neural network helps to determine if a functional connection exists. The 

major disadvantage is that the multiple regression analysis, which is relatively 

simple to apply, is only able to develop a hyper plane as was outlined in a 

previous section of this chapter. This means that even if the neural network finds 

functional interdependencies between input and output parameters a multiple 

regression analysis might not be capable of finding a function that represents the 

data as well as the neural network. A non-linear regression analysis on the other 

hand is capable of representing the data in all dimensions but because it is based 

on trial and error it can be very time consuming. 
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6 Multi-Layer Perceptron to determine Costs 

In the previous chapter a neural network was establi shed to represent an equation 

which calculates the MCPLXS according to the PRICE model (see chapter 5). 

With the knowledge that the complexity is based on an equation that uses 

machinability, maturity, platfonn and precision as input parameters a quite limited 

amount of about 200 data sets as training data is sufficient to derive the function, 

because the results of the network could be easily checked with the equation (see 

chapter 5.2). Establishing a neural network to calculate the MCPLXS is the first 

step to set up a cost estimating model according to PRICE. The next question is 

whether a neural model is able to calculate a cost estimate that is based on the 

PRICE model. 

As mentioned in chapter 5 the main parameters required to estimate the costs of a 

component are complexity and weight. Next to the these PRICE uses other cost 

influencing parameters like quantity, volume and production period, which are 

now carefully explained: 

• Quantity (QTY): The quantity is the number of parts that are going to be 

produced. The greater the number produced the greater the total cost of the 

project. Assuming that in a production run the unit costs diminish as the 

number produced increases because of the influence of learning it can be 

stated, that the shape of the quantity/cost-function is not a linear but a 

diminishing function. 

• Weight (WT): The weight is probably the major influencing parameter 

because according to the PRICE model the production costs of a component 

are mainly determined by complexity and weight (see chapter 5). The heavier a 

component the more material is required and the more expensive it is expected 

to be. PRICE distinguishes between the weight of electronic components which 

have a considerably low weight but still a high influence on the costs and the 
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structure weight wbjch describes the mechanical components. Together they 

result in the total weight. 

• Volume: Often there is a I 00% correlation between volume and weight (if a 

component is twice as big it is usually twice as heavy, too). Because a neural 

network requires input parameters that are independent from each other in the 

following example this value will not be considered. There are only a very few 

cases in which the volume is not proportional to the weight; electronic parts 

might be a case. A big tower computer case for instance can contain only very 

few electronic parts and therefore be quite Light while a laptop is relatively 

heavy since all necessary components are stuffed together as close as possible. 

In these cases the volume must be used as extra parameter in the network. 

PRICE uses a wecf-factor (weight of electroruc parts per cubic foot) to 

consider tbjs phenomena. 

• Project start date (PST ART): Month and year when the project starts. 

• Project end date (PEND): Month and year when the project is expected to be 

finished. PST ART and PEND determine the duration of a project. The shorter 

the period in which a component is expected to be built the more expensive the 

project wi11 be because a higher performance regarding the organisation and 

production is required. If PEND is set to O PRICE automatica11y calculates the 

optimal duration of the project from the economjc point of view. 

• Complexity (MCPLXS): This is the manufacturing complexity and was 

described in chapter 5. 

• Production cost: The final estimated production cost. 

Originally using data from RCA, by whom PRJ E was irutiaUy developed, and 

later from using extensive data provided by collaboration with many different 

enterprises, PRTCE Systems developed cost estimating r lationships and a broader 

cost estimating system. PRT Eis now used world-wide to calculate the costs of 
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QTY WT PSTART PEND MCPLXS Prod. Cost 
l 1 196 1296 4.5 18 492.27 
l I 196 1297 4.568 52 1.74 
l l 196 597 4.5 18 525.24 
1 I 196 598 4.5 18 528.79 
I I 196 899 4.518 533.0 1 
I 1 196 100 4.518 534.39 
L 4.5 L 96 1297 3.582 656.62 
I 1.5 196 1296 4.518 670.29 
I 1.5 I 96 597 4.51 8 720.12 
1 1.5 196 598 4.5 18 724.98 
L 1.5 I 96 899 4.51 8 730.76 
1 1.5 196 100 4.5 1 8 732.65 
1 2 196 1296 4.5 18 834.61 
l 2 196 597 4.518 900.82 
l 2 196 598 4.5 18 906.89 
l 2 196 899 4.5 18 914.12 
I 2 196 100 4.51 8 916.49 
1 2.5 196 1296 4.5 18 989.48 
1 2.5 196 597 4.5 18 1071.66 
I 2.5 196 598 4.518 l 078.87 
I 2.5 196 899 4.51 8 1087.48 
1 2.5 196 100 4.518 1090.29 
l 1 196 1296 5.5 11 28. 19 
1 3 196 1296 4.5 18 1137.22 
I 3 196 597 4.518 1235.03 
I 3 196 598 4.518 1243.34 
1 3 196 899 4.518 1253.25 
1 3 196 JOO 4.5 18 1256.49 
1 3.5 196 1296 4.5 18 1279.29 

Table 10: Generated Production Cost with PRICE 

hardware components. Due to the continuous change of the production process 

and economic circumstances the cost functions used have been refined to improve 

the estimating precision possible. Part of the international success of PRICE­

systems is based on this "secret" formula . It is quite understandable that for 

commercial reasons this equation is not made accessible to the users of the 

system. 

Even so it would be very interesting to find out, if a neural network is able to 

represent this unknown function. Unlike the exercise carried out in chapter 5 it is 

not possible to verify this new network with the help of a known equation and 

therefore much more data is required to set up and check the neural network. 

Daimler-Benz Aerospace Airbus Industries (DASA) in Hamburg provided about 

6,000 data sets which have been generated with th.e PRICE-Model for this 

purpose and Table 10 represents a sample of the available data. 
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Within the following chapters a fairly high number of analyses have been carried 

out which are based on this data. A complete print out of these calculations would 

cover several hundred pages and therefore only data samples, significant values or 

the results of the following analyses will be displayed. Still to give the reader the 

opportunity to look at all data sets a reference floppy disc with a compressed self­

extracting Excel 97 spreadsheet has been included in thi.s thesis with all statistical 

analyses on it. 

Data for the following quantities of production were provided: 1, 5, 10, 20, 50, 80, 

100, 200,500,800, 1000, 1500,2000, 2500, 3000,4000,5000, 6000, 8000. 

For each quantity the following weights were used: 0, 1, 1.5, 2, 2.5, 3, ... , 20, 25, 

30,35,40,45,50, 60, 70, 80,90, 100,120, 140,160,180,200, 300, 400, 500, 

600,70~ 100~ 180~ 1900. 

The project start date was mainly 01.96 but there are also samples for 01.93, 01.94 

and 01.95. For those values where the project start date is 01.96 the following 

project end dates have been chosen: 0, 12.1996, 05.1997, 12.1 997, 04.1998, 

05.1998, 12. 1998, 08.1999, 01.2000, 01.2002. 

The complexity has 128 different values between 3.518 and 8.069. Most of these 

values are applied about 20 times. The following complexities are more frequently 

applied because they are commonly used in the aerospace industry: 4.518 

(1809x), 5.5 (441 x) and 5.85 (630x). 

6.1 Qnet 

Due to the fact that it is not known whether the PRICE generator is based on a 

mathematical formula or on a database or on both, the software program Qnet 

version 2. 1 is used because it has much more powerful tools to analyse the 

network (see chapter 4.3) than NNMODEL. The main characteristics oftbe Qnet 

control panel (see Figure 27) will be described in the following chapters. 
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Figure 27: Qnet control panel 

6.1.l Hidden Layer 

As mentioned in previous chapters 3 network layers (input, bjdden and output 

layer) are sufficient to represent any function . In this example there are five input 

nodes (see Table I 0) to detennine one output node (cost). Again the question is 

how many neurons in the hidden layer are necessary to repr sent the requ sted 

function? A very convenient fi ature of Qnet is that it gives the user the 

opportunity to check how the hidden nodes are being utilised by the network · or 

networks that are over designed in the hidden layer structure, many nodes may 

contribute little or nothing to the output response. The "Hidden Node Analyser 

Plot" shows the nodes' percentage contribution to the lay r's output signals ov r 

all training patterns. If there are many nodes in the hidden layer that are showing 

limited contributions, then this layer probably has too many nodes. Lik wis , if alJ 

nodes show strong contributions then it is possible the adding extra nodes would 

help the model. This way th ideal number of hidden nodes an b found . . o 

calculate the costs with the above m ntioned data 7 networks with 3 to 9 n urons 
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Figure 28: Hidden Node Analyser Plot 

fl . 

in the hidden layer were tested. Figure 28 shows the connection strength for tl1e 

network with 5 neurons in the hidden layer. Because node number 1 has a quite 

low influence on the output (about 6%) even a network with 4 nodes only could 

be sufficient to represent the data. But to be on the safe side the data will be used 

on a network with 5 neurons in the bidden layer. 

6.1.2 The optimal number oflearning samples and hidden units 

Some software programs help the user to find the right amount of nodes in tl1e 

hidden unit ( e.g. Qnet see chapter 6.1.1) by displaying to which extent each 

hidden unit influences the output units. Th.is is a practical way to design an 

adequate model. If some hidden neurons have hardly any influence on the output 

they can simply be erased without significantly changing the behaviour of the net. 

The question arises whether an analytical method exists to detenn.ine the optimal 

number of bidden units. Another question wbkb occurs is how many learning 

samples are necessary to train a neural net? If answers to these problems exist the 

training process of neural n ts could be significantly reduced. 
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Vysniauskas, Groen and Kr6se79 stated that the answer to these questions depends 

on the function to be approximated and that a general answer does not exist at all. 

Their basic idea is to model the approximation error as a function of the number 

of learning samples and the number of the network weights. To do so the 

definitions of components of the approximation error which result from the finite 

architecture of the network (representation error), the limited number of samples 

(generalisation error) and unperfected optimisation are introduced (optimisation 

error). 

Based on asymptotic conditions of the approximation error as a function of the 

learning set size and the number of hidden units they develop two mathematical 

guidelines to model the error function. One is based on the asymptotic conditions 

of the representation and the generalisation error and the other is derived from 

Barron's formula80
. An important contribution about the approximation 

capabilities of feedforward networks was made by Barron who pointed out that 

for some classes of smooth functions the mean integrated squared error between 

the estimated network and the target function is bounded by 0(1/b)+O(h/N)logN 

where his the number of hidden units and N is the number of training examples 

and O is the output. 

Both models a.re mathematically complex and require test data regarding the set­

up of different neural networks, which can itself b quite time consuming. Barron 

reports that when applied on an example the predictions of the errors of both 

models differed about 25% (the predicted error has an error of 25%). Barron also 

says that the influence of possible noise in the learning samples in the model has 

been neglected and needs some further attention in further investigations. 

79 Vyumtas Vysniauskas, Frans . A. Groen, J. A. Kruse: TI1e optimal number of ]earning samples 

and hidden 1mits in function approximation with a feedforward n twork. Technical Report CS-93-

15, University of Amstenfam, Faculty of ompater Scienc ,md Mathematics, The Netherlands, 

1993 
80 Ba.rron, A., R.: Approximation and estimation bo1mds for artificial neuml ueiworlcs, Proce dings 

oftl1e Fourth Annual Workshop on omput.ational Leaming l11cory, 199 1, pp 243-249 
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These reasons led to the author of this thesis ' conclusion that although the 

approach ofVysniauskas, Groen and Krase demonstrates a very interesting way to 

detennine the optimal number of learning samples and hidden units this method is 

not applicable to the data provided by DASA. 

6.1.3 Tran sf er Function 

A node's transfer functions serves the purpose of control1ing the output signal 

strength for the node (see chapter 2.3 ). These functions set the output signal 

strength between 0. and I. The input to the transfer function is the dot product of 

all the node's input signals and the node 's weight vector. Qnet gives the option of 

selecting two distinct types of transfer functions: the sigmoid and the gaussian .. 

Figure 29 shows the behaviour of each function . 

This sigmoid function is the most widely used function for backpropagation 

neural networks. It is represented by the mathematical relationship I /(I +e-x). TI1e 

sigmoid function acts like an output gate that can be opened (1) or closed (0). 

81 Help Manual of Qnet ver. 2. I: NcuraJ Network Training - Leaming Modes, V sta Services, Inc. 

1994, 1995 

111 



6 Multi-Layer Perceptron to determine Costs 

Since the function is continuous, it a)so possible for the gate to be partia11y opened 

(i.e. somewhere between O and I). Models incorporating sigmoid transfer 

functions usually exhibit better generalisation in the learning process and often 

yield more accurate models, but can also require longer training times. 

The gaussian transfer function can greatly alter the dynamics of a neural network 

model. Where the sigmoid function acts like a gate (opened, closed or somewhere 

in-between) for a node's output response, the gaussian function acts more like a 

probabilistic output controller. Like the sigmoid function, the output response is 

nonnalised between O and I, but the gaussian transfer function is more likely to 

produce the "in-between state". It would be far less likely, for example, for the 

node's output gate to be fully opened (i.e. an output of 1). Given a set of inputs to 

a node, the output will nonnally be some type of partial response. That is the 

output gate will open up partially. Gaussian based networks tend to learn quicker 

than sigmoid counterparts, but also tend to produce networks that are prone to 

memorisation with less generalised learning. 

The hyperbolic function counterparts to the sigmoid and gaussian functions are 

the hyperbolic tangent and hyperbolic secant functions. The hyperbolic tangent is 

similar to the sigmoid but can exhibit different learning dynamics during trainfog. 

It can accelerate learning for some models, but it also may not achieve the same 

accuracy as a sigmoid based models. Experimenting with different transfer 

functions with a particular model is the only way to conclusively determine if any 

of the non-sigmoid transfer functions will improve learning characteristics. 

For the vast majority of network designs (including the network that is based on 

the data of chapter 5) the sigmoid function performs best. A general rule of thumb 

(but not always the case), is that the sigmoid will produce the most accurate 

model and, likely, the slowest learning. If it is intended to frequently train similar 

models and/or if training speeds is important, it might be advisable to experiment 

with different combinations of transfer functions , including hybrid networks, in 

search of the fastest training models that produce acceptable accuracy.111 
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6.1.4 Learning Rates and Learn Rate Control (LRC) 

The backpropagation training paradigm uses two controllable factors that affect 

the algorithm's rate of learning. To optimise the rate at which a network learns, 

these factors must be adjusted properly during the training process. The two 

factors are the learning rate coefficient, a. , and the momentum factorµ (see 

chapter 2.6.4.5). The valid range for both a. and µ is between O and I. Higher 

values adjust node weights i11 greater increments, increasing the rate at which the 

network attempts to converge, while lower values decrease the rate ofJeaming. 

Just as there are Jimjts to how fast a brain can learn ideas and concepts, there are 

also limits to the rate at which a network can learn. If a network is forced to learn 

at a rate that is too fast, instabilities develop that can lead to a complete 

divergence of the trairung process. 

The learn rate coefficient can be controlled manually during training or Qnet can 

control it automatically using its Learn Rate Control (LRC) feature. LRC will 

drive a. higher or lower in a systematic fashion depending on the current learning 

activity. If the network appears to be learning at a relatively slow rate, a. is driven 

up quickly. Conversely, if the network is learning at a fast pace, QnetwilJ raise a. 

only slightly, hold it constant, or even lower it to avoid instabilities. If at any time 

the network shows signs of instability (seen as oscillations in the training rror), a. 

is lowered quickly to damp the instabilities. Damping instabilities is critical to 

preventing complete training divergence. The LRC feature can be turned on and 

off interactively during the training process, and it can be activated at set-up time 

by specifying the iteration number th.at LRC will start. 

Occasional interaction with the LRC system can help to improve the learning 

process. For example, let's assume that a network is training with LRC active. 

After several hundred iterations NetGrapb is used to view the a. history. The graph 

shows that whenever a. exceeds a value of 0.15, instabilities occur (seen as 

oscillations in the RMS error) and a. is dropped substantia11y to avoid divergence. 

During each recovery process, learning slows due to lower learning rates. By 

setting appropriate minimum and maximum values for a., LRC will k ep a. below 
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the established upper limit and above the specified minimum. For the above 

example, a could be limited to a maximum of 0.12 to prevent the instabilities 

from occurring. Tbjs will keep the network learning at an optimal pace by 

preventing the slow downs required to recover from instabilities. It is common for 

these limits to change gradually over many iterations (usually the upper limit 

decreases during the training process, but not always). Repeat this procedure 

when instabilities develop on a regular basis. 

LRC concerns itself only with control of a . UsuaJly, little or no interaction is 

required with the momentum factor (~L). The momentum factor damps high 

frequency weight changes and helps with overall algorithm stability, while sti11 

promoting fast learning. For the majority of networks, µ can be set in the 0.8 to 

0.9 range and left there. However, there is no definitive rule regardingµ. Some 

networks may train better with µ va lues set at a lower level. Some networks train 

perfectly with no µ term used at all (set to 0). Most neural modellers prefer to use 

higher momentum values, since this usuaJly has a positive effect on training. Jf 

trainfog problems occur with a given µ value, it may be he.lpful to experiment 

with rufferent values. µ can be changed interactively at any time during the 

training process with Qnet. 

Note: For the vast majority of networks, LRC is an effective tool preventing 

divergence and keeping a in a range that will improve learning speeds. If a model 

exhibits poor learning characteristics with LRC active (i.e. training divergence or 

many instabilities), simply tum LRC off (Options menu of the training window) 

and set a. to a value low enough to guarantee stable I.earning. Networks employing 

gaussian transfer functions may find that LRC is less effective in preventing 

djvergence in some cases. 

When all training cases are not used in each weight update cycl (Patterns per 

Weight Update Cycle), LR is not recommended. rror descent can be somewhat 

noisy and/or training characteristics can be adversely affected by varying the 1 arn 

rate. Taking manual control of the learning rate for such models is recommended. 
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6.1.5 Learning Modes 

An important concept to understand about the trainjng process is that there are 

two distinct types oflea.ming that can take place. One type is generalised lea.ming 

where the network develops an understanding of how the inputs can best be 

generalised to formulate an output prediction. The other type is "memorisation" 

where the network can, in effect, recall a set of outputs after being presented with 

the inputs. An example of generalised learning is where a person studies how to 

add together a small set of numbers (i.e. , 2+2, 3+5, etc.) and through 

understanding some basic concepts, that person can determjne the results of any 

two numbers presented to him (even if they were not previously studied). An 

example of memorisation learning is where a person learns the US state capitals. 

Learning the capitals of 45 states does little to help a person predict what the other 

5 might be. Memorisation learning is only useful for the lea.med set. It offers no 

help in determining solutions outside the learned set. Differentiating between the 

learning modes will allow to optimise model training and better detennine the 

effectiveness of the a model prior to practical use. 81 

Backpropagation attempts to drive the network's response error for the training set 

to a minimum value. The error value monitored during Qnet training is the root­

mean-square (RMS) error between the network's output response and the training 

targets ( equivalent to the standard deviation). When the training set's error is 

descending during the training process, one or both types ofleaming discussed 

above is taking place. Unfortunately, there is no way to determine which type of 

learning is taking place by monitoring the training set error by itself. To determine 

the type ofleaming, a test set (or overtraining set) must be employed. Qnet allows 

the test set to be monitored interactively during training. Th.is set of data is not 

used to train the network, however, the error in the network response is monitored 

to determine bow the network responds to patterns outside the training set. If both 

the training and test set errors are declining (see first example in Figure 30), 

cognisant learning predominates since the network is learning to generalise the 

relationships between the inputs and outputs. When a test set's error has reached a 

minimum level and begins to increase indefinite]y thereafter, overtraining is 

occurring (see third example in Figure 30). 
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Error 
Both Error Sets Declhe Together 

Error 
Test Set Erro- Has Local Minimum Test Set Error Has Global Minimum 

Error 

\ 

... ._ - ... 
lterftion ltertition 

Figure 30: Training set and Test set errors 

Another possibility is that some networks may exhibit long periods of training 

where the test set error increases before declining again (see second example in 

Figure 30). 

If a test set's error begins to increase, training should be continued to determine 

whether the minimum is local or global in nature. The AutoSave feature of Qnet 

allows to return to a point at or near the minimum if it is global in nature. 

It should be noted that the method of determining the learning modes and 

overtraining status by monitoring the training and test set errors assumes that the 

test set is an adequate subset of the training set. This may not always be true. For 

problems where the test set is some limited or organised subset of the training set 

cases, the minimum test set error may simply indicate the point that the network 

has best modelled that subset of test set cases. To function as a true overtraining 

indicator, it is important that the test set cases are a truJy random and broad 

sample of the training cases. Qnet may be instructed to select the cases randomly 

from the training set. While this does not guarantee a perfect set for testing, a high 

probability will exist that an ample amount of unique case types wilJ be present 

when large test sets are employed. 81 

6.1.6 Otl1er Network Definitions 

• Network Connections: Anothernetworkdesign consideratfon concerns how to 

control the network's connections. Qnet implements a connection editor that 

1 J 6 

Test Set 
,,i 
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allows connections to be removed from the fully connected default 

configuration. 111-is allows logic flow to be inh·oduced to the network. Input 

information can be channelled and processed in a localised area of the network. 

"Pass-through" nodes can be constructed that receive only one input connection 

from the preceding layer and pass that info1mation down to the next layer. This 

has the effect of creating connections that skip a layer. While the connection 

editor gives the modeller almost unJjmjted fl exibility in designing a network, 

the fact is that the vast majority of designs work best fully connected. 

Therefore in this example a fully connected network has been chosen. The 

connection editor is best suited for highly advanced models that require groups 

of input data to be processed through separate n twork pathways. 

• Training Patterns: Amount of data sets used to train the network. 

• Test Patterns: Amount of data sets used to test the network. 

• Nehvork Size: Size of network in Bytes 

• Max Iterations: Maximum number of iteration steps to train the model 

• Learn Control Start: Iteration number to begin Learn Rate Control. During 

the initial training iterations (50 to I 00) for a new network, LR should 

normally be turned off. The node weights of new networks are adjusted rapidly 

during injtial iterations and the trainfog error can oscillate wildly. Using LR 

during thls period is p rfectly afe, however, the LRC algorithm may driv ex 

unnecessarily low in an attempt to eliminate these normal osci11ations. 81 

• Learn Rate: The actual learn rate during the teaming process. 

• Learn Rate Max: TI1e maximum learning rat to b used during Learn Rat 

ontrol. 
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• Learn Rate Min: Tbe mjnimum learning rate to be used during Learn Rate 

Control. 

• Momentum: The momentum factor ~L (see chapter 2.6.4.5) 

• Patterns per update: The number of patterns to process p r weight update 

cycle can have a large effect on the overaJI training process and convergent 

behaviour. Qnets default is to process all training patterns prior to updating 

network weights. This allows a global error vector to be developed prior to 

adjusting weights. This practice generally leads to the most orderly decent of 

both training and test set errors at the price of slightly slower trajning 

performance. This method, however, is strongly recommended for training sets 

where non-precise and somewhat noisy relationships exist between the inputs 

and outputs. 81 

• FAST-Prop: The FAST-Prop coefficient controls the algorithm used by Qnet 

for training.FAST-Prop trai.ning can accelerate training for some networks. If 

the FAST-Prop coefficient is set to 0 (the default), Qnet wilJ employ its 

backpropagation algorithm to train the network. If the coefficient is set to a 

value above 0.0 (to a maximum of 3.0), the FAST-Prop algorithm is used. The 

closer the coefficient is set to 0.0, the closer FAST-Prop approximates standard 

backpropagation. While the FAST-Prop training method can often accelerate 

the learning process a drawback with this method is that there is a risk that this 

algorithm wiJI not con rge to a minimum error, especially when bjgher 

coefficient values are used. For this reason, in this example the standard 

backpropagation method is used. 
81 

• Screen update: Iteration interval at which screen updat s occur during the 

training process. 

• Auto Save Rate: Toe Auto ave feature of Qnet allows to recov r from 

overtraining situations and training osciJJation. The us r specifies a rate (or 

int rval) at which then twork should be stored. For overtraining, return to the 
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6 Multi-Layer Perccptron to determine Costs 

frrst stored iteration prior to the point that the test set error started to increase. 

To recover from an oscillating network, return to the first iteration prior to the 

oscil lation. 8 1 

• Tolerance: Selects the tolerance to used to monitor training accuracy. 

6.2 Test 1 

6.2.1 Preparation 

During some initial exploratory tests on the PRJ E data provided by DASA the 

author became aware that PST ART and PEND do not contribute any useful 

information to the network in finding the right function. The reason for this can be 

explained as following: 

PSTART and PEND together indicate the duration ofth project (duration = 

PEND-PSTART). By looking at data records where all values but PEND and 

production cost are equal, it can be said that the longer a project lasts the more 

expensive it will be. Whether th.is statement is true or not should not be discussed 

in this chapter since the data is just referring to an existing model. 

PSTART or PEND indicate in which month and year the project will start and 

finish . By looking at comparable data records the PRT model considers annual 

inflation rates for the years during which t11e project will be ex cuted. Th 

estimate of the same project at a later period of time is more expensive than an 

earlier project. According to the sales department of PIU E Systems a cost index 

(comparable to Financial Times Index, Aerospace or Ele tronics ost Index) is 

implemented to take inflation into consideration. 

If month and year of PST ART or PEND (e.g. 797 for July 1997) are used as input 

values the neural network might not be able to interpret any duration or moment 

out of the data. For example the duration of a proj ct that starts in December 1996 

( 1296) and ends in June 97 (697) would be negativ (-599) while another proje t 
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6 Multi-Layer Pcrceptron to determine Costs 

with PST ART = 497 and PEND = 498 would have the duration I . To make a 

comparison between the data possible PST ART and PEND are transformed into 

numerical values where I represents the I st of January 1900 and for each 

following day I is added, i.e. the starting date of the 1st December 1996 is 35065. 

PEND is erased from the data and instead a column with the calculated duration is 

added to the data record, as is shown in Table l 1 . 

Weight, MCPLXS, PST ART, Duration, Quantity are input parameters. Prod.Cost 

is the output value provided by PRICE. There is one hidden layer with 5 hidden 

neurons (see chapter 6.1.1 ). The network is fully connected. 500 data records were 

randomly excluded from the complete file to provide the test data; the remaining 

data were used as the training set. 

6.2.2 Results 

The results of this network are much less impressive than for the exercise carried 

out in chapter 5.2 where the complexity has been generated from a known 

function. Applying the same formulas as in chapter 5.2 the relative mean error of 

the predicted values of the test set is 38,638% (absolute mean error: 

13,640,683.93). The maximum error is 218,293,500%. 

6.2.2.1 Nor111alisatio11 wit!, rounding errors 

Table 11 shows the input parameters and network results of the ftrst 22 data 

records (those marked with an asterisk were randomly excluded from the trainfog 

set and used as test values). The outputs represent the production costs calculated 

by the network while the targets are the renormalised Prod.Cost which the 

network is aiming at during the training algorithm. The targets are the 

renormalised production costs and should equal the production costs but in fact 

there is a difference. The reason for this is the normalisation (see chapter 2.9). 

Backpropagation neural networks require that an training targets are nonnalised 

between O and I (-1 and 1) for training. This is because an output node 's signal is 

restricted to a Oto 1 (-1 to 1) range. 
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No. WT MCPLXS PST ART Duration QTY Prod.Cost target output 
I I 4.5 18 35065 335 l 492 .27 523.33 -16,93 1,000.00 
2 4.568 35065 700 52 1.74 523.33 -16,75 1,000.00 
3 4.518 35065 486 525.24 523.33 -16,875,000.00 
4 I 4.518 35065 85 1 528.79 523.33 -16, 740,000.00 
5 I 4.518 35065 1308 533.01 523.33 -16,573,000.00 
6 I 4.518 35065 146 1 534.39 523.33 - I 6,5 I 7,000.00 
7 4.5 3.582 35065 700 656.62 678.65 -17,024,000.00 
8 1.5 4.5 18 35065 335 670.29 678.65 -16,867,000.00 
9 1.5 4.518 35065 486 720. 12 756.3 1 -16,8 10,000.00 

IO 1.5 4.518 35065 85 1 724.98 756.31 -16,676,000.00 
11 "' 1.5 4.518 35065 1308 730.76 756.3 1 -16,509,000.00 

12 1.5 4.5 18 35065 146 1 732.65 756.3 1 -16,452,000.00 
13 2 4.5 18 35065 335 834.61 833.97 -16,802,000.00 
14 2 4.518 35065 486 900.82 911.63 -16,746,000.00 
15 2 4.518 35065 851 906.89 911.63 -16,6 11 ,000.00 
16 2 4.5 18 35065 1308 914.12 9 J I .63 -16,443,000.00 
17 2 4.518 35065 1461 916.49 911.63 -16,387,000.00 
18 2.5 4.518 35065 335 989.48 989.29 -16,737,000.00 
19 2.5 4.518 35065 486 1071.66 1,066.90 -16,682,000.00 
20 2.5 4.518 35065 851 1078.87 1,066.90 -16,547,000.00 

21"' 2.5 4.518 35065 1308 1087.48 1,066.90 -16,379,000.00 
22 2.5 4.518 35065 1461 1090.29 1,066.90 -16,322,000.00 

Table 11: Results 1 - beginning of data record 

Since the applied data bas values up to 3,648,143,574 the normalised numbers 

should have at least IO digits after the decimal point in order to calcu1ate 

precisely. When Qnet scales the data down to the Oto I range the software uses 

numbers with onJy up to 5 digits after the decimal point for programming reasons. 

Therefore the production costs are subject to rounding errors which a.re relatively 

high particularly for smalJ numbers. According to the user manual Qnet uses 

floating point numbers during the learning algorithm. 'Therefore no rounding error 

occurs during the training phase. 

Du.ring renonnalisation the computer can not distinguish between relatively sma11 

values. For example the first six data sets of Table 11 a.11 have different Prod.Cost 

values but all have identical target values of 523.33. This is because the Qnet 

Software looses precision due to rounding of sma11 numbers. 

6.2.2.2 Trai11ing process 

The discrepancy between targets and outputs .is also very high for small Prod.Cost 

(see Table 11 ). On the other band it is very striking that predicted costs ( output) 
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No. Prod.Cost Target Output error 

6,205 2,505,293,767 2,505,300,000 2,404, I 00,000 -4.04% 

6,206 2,522,0 15,0 1 I 2,522,000,000 2,4 16,900,000 -4. 17% 

6,207 2,876,07 1,858 2,876, I 00,000 2,797,300,000 -2.74% 

6,208 2,895,28 1,077 2,895,300,000 2,8 I 0, l 00,000 -2.94% 

6209* 3,571 ,868,893 3,571,900,000 3,453,200,000 -3.32% 

6,210 3,595,752,807 3,595,800,000 3,463,600,000 -3.68% 

6,2 11 3,648,143,574 3,648, I 00,000 3,490,000,000 -4.33% 

Table 12: results 1 - error of last data records 

and actual costs (target) for the last data records (see Table 12) almost match. The 

reason for this can be found in the backpropagation training algorithm. 

In the data record the production costs are spread over several orders of magnitude 

(from 492.27 to 3,490,000,000). Before the backpropagation training is started, all 

weights of the network are randomJy chosen within a certain range. This usually 

leads to constant net outputs that are quite independent from the applied inputs 

(see Figure 31 ). The test outputs (blue) can hardly bee seen in this figure because 

they almost match with the training outputs (green). 

According to equation 4 in chapter 2.6.4.3 the network en-or is ca1culated as the 

sum total of the absolute square errors ( E = ½ * ri (ai - oi)2 ). The square in this 

formula causes a exponential influence of high errors which particularly occur at 

the end of this data record where output values are extremely high. During 

Backpropagation training the adjustment of weights is chosen in such a way that 

small changes lead to maximum minimisation of the error (gradient descending 

method). This virtually means that the neural net mainly concentrates its training 

on the last few records (because the error is very high there) while small values 

are almost neglected. 

After a certain amount of training cycles when the "big" errors have been reduced 

th.e Backpropagation can pay some more attention to the smaller values. But only 

minimal weight changes are allowed because at the same time they immensely 

influence the error at the steep courses of the cost curve. This conflict makes tbe 
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Figure 31: net outputs before training 

training process very slow and hardly leaves any chance for smaller values to 

adapt. 

6.2.2.3 Steep cost curve 

The red line in Figure 31 displays the target costs for each pattern. It is very 

striking that there is a vast increase of costs for the patterns larger than 5000. The 

data appears to follow an exponential curve. Only little changes of the input data 

lead to enormous changes of the output. For example, if pattern 6,207 and 6,208 

shown in Table 13 are compared it can be observed that a small difference of the 

complexities of0.006 rises the costs by 19,209,219 DM. Pattern 6,203 and 6,204 

show that a project starting in January 94 and ending in January 2002 (PSTART = 

34335, Duration = 2922) can be 48,002,292 DM cheaper if you finish in the same 

year but start one year earlier (January 93 = PSTART = 33970, Duration = 3287). 

The steep course of the Training Set Targets curve in Figure 31 makes it difficult 

for Backpropagation training to find an appropriate adjustment of the weights of 

the synapses in the neural net (small changes have a great influence on costs). It 
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No. Weight MCPLXS PSTART Duration QTY Prod.Cost 

6,20 1 1900 6.5 12 33970 3287 4000 2, 158,450,050 

6,202 1900 6.5 18 33970 3287 4000 2, 172,873,633 

6,203 1900 6.118 34335 2922 8000 2,304,384,6 10 

6,204 1900 6. 11 8 33970 3287 8000 2,352,386,902 

6,205 1900 6.5 12 34335 2922 5000 2,505,293,767 

6,206 1900 6.518 34335 2922 5000 2,522,01 5,0 11 

6,207 1900 6.5 12 34335 2922 6000 2,876,07 1,858 

6,208 1900 6.518 34335 2922 6000 2,895,28 1,077 

6209* 1900 6.5 12 34335 2922 8000 3,57 1,868,893 

6,2 10 1900 6.5 18 34335 2922 8000 3,595,752,807 

6,2 1 I 1900 6.5 12 33970 3287 8000 3,648,143,574 

Table 13: results 1 - end of data record 

should be emphasised that it is the steep course of a curve, and not high en-ors or 

high values, that is responsible for high sensitivity of weight changes. 

Generally the validity of the PRICE model should be questioned for values above 

15,000,000 DM. According to Mr. Hilbner, engineering consultant in the 

department for parametric cost analysis of Daimler-Benz Aerospace Airbus 

GmbH (DASA) in Hamburg, these values have only been generated by the 

PRICE-Model and never been verified because the majority of all cost estimates 

at DASA tie within 5,000.-DM and 300,000.-DM (Deutsche Mark). Therefore 

they have no practical relevance at all 82
• 

For the calculation of complicated and therefore expensive systems (e.g. 

aeroplanes, space shuttle etc.) this mathematical mode] is not directly used. The 

system is rather divided into smaller subsections ( e.g. wings, engine, landing gear, 

fuselage etc.) which again can be broken down to smalJer e.lements and then for 

each of these elements a cost estimate according to the model is carried out. It is 

very unlikely that any components exceed the amount of 15,000,000 DM. 

Therefore it can be assumed that the PRICE model supplies the user with 

acceptable results within a certain cost interval. Values outside this range can be 

mathematica.lJy determined but they have no practical use. 

82 Telephone call between Mr. Hiibner and author on Febmary, 27
th 

1997 14.30 
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6.2.3 Conclusion 

As ruscussed in the previous chapter, there are mainly three reasons that are 

responsible for the poor performance of the neural net: 

I. An extremely steep course of the cost curve for high values makes it difficult 

during Backpropagation training to adjust the weights adequately. A possible 

approach is to ignore inputs with Prod.Cost greater than 15,000,000 DM. 

2. High errors at the end of the data record cause sma]] output values to be 

neglected during the training process. Again a possible approach is to ignore 

inputs with Prod.Cost greater than 15,000,000 DM and/or apply logari thmic 

transformation to Prod.Cost. 

3. A widely spread data range leads to normalisation with rounding errors. A 

possible solution is to apply a logarithmic transfonnation to Prod.Cost. 

At the end of this evaluation 126 data records, which have their duration value set 

to 0, have been erased out of the file. PRICE Systems uses this value to calculate 

the optimal duration of a project. For network training this value is most 

unsuitable because it does not fit among the other data. Despite of the poor 

performance of this neural net, these data records still have been recognised as 

outliers. 

6.3 Test 2 

6.3.1 Preparation 

The pr paration of data and network is identical to chapter 6.2. J {Test I). The data 

set has been morufied in accordance to the conclusions of chapter 6.2.3. A1l data 

records which have Prod.Cost greater than 15,000,000 have been excluded and 

Prod.Cost values are transformed according to the following formula : 

Prod.LogE = loge Prod. ost 
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largel Ontpul Error Error targel Prod. ost onput Prod.Cost Error I Error[%] 

Prod.Log.E Prod.LogE [%] 

7 9 2 29% 1,097 8, 103 7,006 639% 

21 23 2 10% 1,318,8 15,734 9,744,803,446 8,425,987,7 12 639% 

Table 14: example for influence of logarithmic transformation 

With this transformation the output is in a range from 6.199027346 to 

16.5210993. The logarithm ensures that both among the smaller values and 

among the large values a distinction is possible. The natural logarithm of the 

Prod.Cost has been used so that there is a reasonable range of the values of 

Prod.LogE. 

6.3.2 .Results 

The mean error of the predicted values of the test set is 78% (the absolute mean 

error is 887,038.5). The maximum error is 1,400%. Compared to the results in 

Test l of chapter 6.2 (mean: 38,638%; max.: 218,293,500%) these new errors are 

just a fraction of the earlier test which can be interpreted as a very successful 

implementation of the logarithmic transformation and the censored training data. 

On the other hand if you consider that the data is based on an unknown formula 

with no noise at all these results are still not satisfying. A closer look at the neural 

net and data is necessary to find further origins of the error. 

To evaluate the performance of the neural net it is advisable to use the direct net 

outputs Prod.LogE and not the Prod.Cost values because the logarithmic 

transfonnation of errors could lead to mistaken interpretations. Imagine the error 

of target Prod.LogE = 7 would be +2 (see Table 14). After retransfonnation the 

absolute error is 7,006. Due to the logarithm the sam error for a target Prod.LogE 

== 2 t would lead to a retransfonned error of 8,425,987,712. For the relative values 

it is vice versa. For increasing Prod.LogE an absolute error of +2 leads to a 

declining relative error but after logarithmic retransformation this relative error is 

always the same. Mathematical proof: 
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logoutput1 - Iogtarget1 = logoutput2 - Iogtarget2 = loge 

I 
output1 output, 

og---'- = log - = loge 
target1 target, 

output1 output2 = = e 
target1 target2 

output1 output 2 ---- 1=-"--~- t =e- l 
target1 targef 2 

output1 - target1 output2 - target2 ---'-----'----'- = _...;__~----"- = e- l 
target1 target2 

6.3.2.1 Ro1111di11g Errors 

As with Test I some rounding errors might occur. Due to the logarithmic 

transformation they differ from those errors, whjch have been mentioned earlier: 

• The logarithmic transformation of the production cost leads to numbers with up 

to 20 digits after the decimal point (maximum precision of Microsoft Excel 

spread-sheet program). When this data is copied into Qnet the numbers are 

rounded to 5 digits after the decimal point. 

• Automatic normalisation and renormalisation of the data to train the network 

(see chapter 6.2.2) 

• The results of the neural net have to be retransformed (Prod.Cost = lnm.LogE) 

via a spread-sheet program. 

A comparison of the original production costs and the computed production costs 

leads to the result that the relative error never exceeds a value of more than 

0.00 I%. Therefore a rounding error can be neglected. 
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Number WT MCPLXS PSTART Duration QTY Prod.Cost Error 
1167 ] 4.518 34335 2922 1000 231574.13 
1178 I 4.518 34335 2922 1000 237468.69 2.55% 
1234 1.5 4.326 34335 2922 1000 267504.33 
1252 1.5 4.326 34335 2922 1000 274212.98 2.51% 
1302 I 4.823 34335 2922 1000 302341.61 
1321 1 4.823 34335 2922 1000 310215.77 2.60% 
1335 1.5 4.518 34335 2922 1000 317476.14 
1345 1.5 4.518 34335 2922 1000 325550.23 2.54% 
1375 ] 4.963 34335 2922 l000 341822.78 
1386 I 4.963 34335 2922 1000 350822.01 2.63% 
1457 2 4.518 34335 2922 l000 397128.82 
1468 2 4.518 34335 2922 1000 407219.06 2.54% 
1551 2.5 4.518 34335 2922 1000 472436.42 
1566 2.5 4.518 34335 2922 1000 484428.09 2.54% 
1561 1.5 4.984 34335 2922 1000 481337 .. 13 
1585 1.5 4.984 34335 2922 1000 494020.01 2.63% 
1604 l 4.518 34335 2922 3000 507265.49 
1623 1 4.518 34335 2922 3000 519442.94 2.40% 
1656 3 4.518 34335 2922 1000 544454.06 
J 671 3 4.518 34335 2922 1000 558259.40 2.54% 

Table 15: Contradictory Data 

6.3.2.2 Co11tradictory Data 

A comparison of al] data records with each other shows that the same input values 

for 326 samples lead to different outputs. Table 15 displays 20 examples where 

this contradiction occurs. The applied data set has been joined together out of 

different files which have been provided by Daimler-Benz Aerospace Airbus 

GmbH. One file is accidentally based on a different escalation file than the others. 

Escalation files contain tables with the expected inflation rate for the next couple 

of years in order to consider an increase of costs for Jong lasting projects that is 

based on the devaluation of money. PRICE Systems provides the user with 

escalation files that are set up for each country. Based on a different statistical 

analysis Airbus Industries uses its individual escalation file which is only slightly 

different to the one provided by PRICE. For this reason only Jong term projects 

(Duration = 2922) differ in their production costs. 

Neural networks are generally very robust against scattering (see chapter 2. 10) 

and therefore this error is hardly worth mentioning because the difference between 

the contradictory data records never exceeds 3%. A test run of a neural network 

with the same set up as described in this chapter but trained without contradictory 

128 



6 Multi-Layer Perceptron to determine Costs 

0.10 ·····························-----..,____··························t······················~·"'l'!I~-

N 
C 
I 
wlLliO 
0 

' Ir 

0 
u 
I 0.40 

" • 
I 

0.28 

' n,fnfng Pt~m• : ••!: • I 
<lpdmal Agrument - • :. • • 

: • '' ,. •• "fo, ... Jr . . : ... ... , .... 
. . .. , 4: • ~· • . 

••-••••••••• •• ••• • •••••••••••~•• •••••••••• •• •••••••••••• • • • •+•••• .. ••••~ ••••••• · •••~.~ -~: '. . - -::-~•••· ••••• • •-•H••• • •~• -••• • ••• •••••••• ••• •••••HOO 

i ! •• ♦ • ♦ : ~-\. .... : 

: : . . "' -~ .. .. . ·••. ~ : . . .. . .. ~ : 
• > : •• •·:... : 

• • .. .- • 1 : : ······················~····1:· ····~ ·····•···;·· • .... .-·!:·---;•.·# ....... ·····i·····························-r········ ················ 

i ··········1··········· · · · •··· ..................... . 

Figure 32:measured versus predicted Prod.CostE 

data performed almost identically as the network which has been trained with 

contradictory data. These errors in the data therefore do not explain the bad 

performance of the network. 

6.3.2.3 Distribution of Errors 

Figure 32 displays training targets, which are the Prod.LogE va1ues of the test 

data, and net outputs of Prod.Log£ in a co-ordinate grid. The values on the x and 

y-axis lie in between O and 1 because the program automatically normalises the 

data into the range of these numbers. The optimal agreement is on the red line 

(training target = net output). It is very striking that those targets which are 

situated above the 70% mark are quite evenly spread around the optima] 

agreement and generally much closer to it than those underneath this mark. All 

va1ues below the 30% mark are overestimated by the network. 

In this example the network finds it easier to adapt to high outputs than low 

outputs. But in this case the reason for this cannot be the same as the one 

mentioned in chapter 6.2.2 (production costs are spread over several orders of 

magnitude) because the range of outputs is limited from 6 to 16. Rather the 
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Figure 33: measured versos predicted Prod.CostE at beginning of training 

observation of measured and predicted outputs in a co-ordinate grid during the 

training process can give an explanation of this phenomena. 

In the first training step the neural net sets all outputs onto the same level and 

overestimates most of the patterns (see Figure 33 ). During the following learning 

steps the net mainly concentrates on those values that are to the right of the 

intersection of the training patterns line and the optimal agreement line. In this 

area the training patterns move toward the red line during the first 500 iterations 

(see Figure 34). While these outputs are further adapted the training patterns on 

the left side of the intersection begin to move down to the optimal agreement line. 

Small values on the very left have a long way to go in order to perform well. 

Considering that an increasing amount of iterations results in a decreasing error of 

the network and this decrease leads to a smaller adjustment of the weights it is 

quite understandable that those outputs which have been adjusted at the beginning 

of the training adapt well and quickly. On the other hand those outputs which start 

their adaptation after about 1,000 iterations (i.e. small values) have hardly any 

chance to reach their optimal agreement because the learning rate then is just a 

fraction of initial rate. The fact that these values have a particularly long way to 
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Figure 34: measured versus predicted Prod.CostE after 500 iterations 

go makes the adaptation even more difficult and therefore even after about 

100,000 iterations these outputs are still overestimated by the neural net. 

The above paragraphs explain how the net distributes its outputs (and errors) 

during training but there is still a general contradiction in the learning behaviour. 

The gradient descending method implies that the neural net attempts to correct 

large errors prior to small errors (see chapter 6.2.2.2). This was the major reason 

why the net in chapter 6.2 performed so well for high outputs and very poorly for 

low values. This seems to be contradicted by the observation that smaller errors 

are corrected before larger errors. 

If you apply this theoretical learning behaviour onto chapter 6.3 (Test 2) this 

would theoretically mean that within the first training iterations the net would 

have to adapt the low values first because they have the highest error in the net 

(normalised difference is about 0.6-0.2 = 0.4). As soon as these errors decrease 

the learning algorithm should include the adaptation of other (lower) errors. When 

reaching an average error of 0.2 the right side of the intersection of optimal 

agreement and training patterns should be simultaneously adapted. But in fact the 

net mainly concentrates on large outputs only at the beginning of the training as 
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Figure 34 shows clearly. To find an explanation for contradictory behaviour a 

closer look at the data is required. 

6.3.2.4 Distribution of data 

An analysis of the output data shows that about 50% of all records are in the range 

of 0.7 to 0.9 with a mean output of around 0.6. Figure 35 displays as a histogram 

the output value Prod.Log.E of the test set after normalisation. 

At the beginning of the training the network outputs are all almost equal (see 

Figure 33 on page 77). One of the reasons for this are the randomly chosen small 

weights of the network. Their values lie between -0.3 and +o.3. Even if the input 

parameters would all be l or O the output of each node in the hidden layer would 

have a value between 0.2 and 0.8. Mathematical proof: 

011 = f(}: Wi * ii) (see chapter 2.3) 

For i = 0 ⇒ }: Wi * ii = 0 ⇒ f(0) = 0.5 

For i = 1 and w = +0.3 ⇒ 1: W1 * ii= +1.5 ⇒ f(+l .5) = 0.8 

For i = t and w = -0.3 ⇒}: wi * ii = -1.5 ⇒ f(-1 .5) = 0.2 
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oh = output of each neuron of hidden layer 

i = input values ( either all I or all 0) 

w = weight (between -0.3 and +o.3) 

index i = 1 to 5. According to this test the network has 5 input parameters. 

f = sigmoid transfer function (see Figure 29 on page 77) 

With output signals in the hidden layer between 0.2 and 0.8 the signal of the 

output layer will lie in between 0.25 and 0.75. Mathematical proof: 

Oo = f(I wh * ih) (see chapter 2.3) 

For i = 0.8 and w = +0.3 ⇒ I Wi * ii = +I .2 ⇒ f(+l .2) = 0.75 

For i = 0.8 and w = -0.3 ⇒ I Wi * L = -1.2 ⇒ f(-1.2) = 0.25 

The calculation for i = 0.2 or i = 0.5 is not carried out because these values would 

have a lower impact on the transfer function and their results would lie between 

0.75 and 0.25. 

Oo = output of neuron of output layer 

i = output of hidden neuron (either all 0.2 or all 0.8) 

w = weight (between -0.3 and +0.3) 

index i = 1 to 5. According to this test the network has 5 hidden neurons. 

f = sigmoid transfer function (see Figure 29 on page 77) 

As a result you can say that if all input vectors would be either 0 or I th output 

would Ue between 0.25 and 0.75. In fact the outputs lie within a much smaller 

ranger. There are two possible reasons for this: 

1. All weights are chosen randomJy and therefore they can take on either positive 

or negative values. When the output of the network is calculated these positive 

and negative va lues eliminate each other. Jn order to examine to which extent 

this random elimination can occur, evenly spread numbers have been generated 

for wand i and then the output of the network bas been calculated according to 
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formula of the mathematical proof (o = f(L wi * ii); (-0.3 :::; w :::; +0.3 ; 0 :::; i :::; I , 

i = 5)). This procedure has been repeated I 0,000 times. The smallest value of 

these samples for output ]ayer is 0.34575 and the biggest value is 0.66616. As a 

result the mutual elimination of positive and negative values shrinks the range 

down to 0.32041 (0.66616 - 0.34575). 

2. The values of the weights are generated randomly only once during the 

initialisation process. When a new pattern is applied to the network these 

weights remain the same. Therefore the influence of the weights on each 

pattern is always the same. If you select randomly a set of weights for the 

network and then apply 10,000 patterns to the network according to the 

formula o = f(L Wi * ii) while the weights remain unchanged then the output of 

the hidden layer lies between 0.36862593 and 0.6 .1585461 and the net-output 

lies between 0.59343997 and 0.60957969. This way the range of the outputs 

has a value of 0.0.1613972 (0.60957969 - 0.59343997). 

In fact at the beginning of the traini.ng process all outputs of the network have 

almost the same value. Based on the gradient descending method during the 

training process a minimal adjustment of the weights leads to a high as possible 

reduction of the total error of the network. Because almost 50% of all outputs lie 

between 0.7 and 0.9 a relatively large part of the total error can be found on this 

interval. Even if each single error is rather small the gradient descending method 

adapts errors within the 0.7 to 0.9 interval first, because the correction of many 

small errors has a higher influence on the total error than the correction of a very 

few big errors as they occur for network outputs below 0.7. Thfa explanation for 

the correction of errors does not contradict the explanation that is mentioned in 

section 6.2.2.2. Providing that the total error of a function is fairly high the 

gradient descending method attempts to correct high errors first. For this test on 

the other band it can be assumed that the initial error of the neural net is not too 

high because almost 50% of all outputs lie between 0.7 and 0.9 and each single 

error within this range is relatively small. As soon as this total error b come a 

little smaller it is not possible to recognise a general adaptation of the weights 

because particularly for non-linear neural networks the error function becomes too 

twisted and therefore the course of the gradient descending method cannot be 
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predicted. It is quite certain that (providing that the learning steps are sufficiently 

small) the total error is minimised until a (local) minimum has been reached. 

If the outputs and errors of the network are distributed as mentioned in the above 

paragraph, the gradient descending method might not seem to be a suitable 

method to establish a neural net for cost estimation because relatively high en-ors 

can be disregarded during the learning phase. On the other hand a closer 

inspection of this learning behaviour may identify some advantages. The learning 

algorithm mainJy concentrates onto those areas where many data samples are 

present (i.e. 0.7-9.9) and adapts these outputs particularly well. In the realm of 

cost estimation this can be very desirable because it can be assumed that future 

projects for which the costs are estimated will usually lie within the same cost 

range as those projects where many data samples already exist. The fine tuning of 

the learning algorithm within the cost range of the majority of all data samples can 

lead to fairly accurate estimates particularly for those projects which lie in the 

same cost range. 

This characteristic is quite comparable with regression analysis to detennine 

CER's. Like the neural network a regression analysis is also based on a number of 

real data samples and therefore its precision can only be verified and validated 

within this range. Although it is possible to interpolate the function of the 

regression analysis for any interval the validity of these new ranges of the cost 

estimation becomes quhe questionable. 

6.3.2.5 Normalisation 

Qnet software program has a utility which can normalise the input data 

automatically. This automatic normalisation has been used for the last two tests. If 

this option is selected during training set-up, all data for the nodes in the input 

layer and/or training targets for the output layer will be normalised between the 

limits of 0.15 and O. 85 83
. An explicit reason for choosing 0.1 5 and 0. 85 instead of 

83 Help ManuaJ of Qnet ver. 2. 1: Neural Networlc Training - Leaming Modes, Vestn Scrv.iccs, Inc. 

1994, 1995 
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the very common O and I as upper and lower limit could not be found in the user 

manual. A possible explanation could be, that Qnet offers the user the opportunity 

to gradually add new data after training. If the old data set has been normalised 

within the 0.15 and 0.85 borders the values of the new pattems can be up to 15% 

above or below the values of the old patterns without making a new normalisation 

and a new training of the data necessary because this new data could take on 

numbers between O and 0.15 or 0.85 and 1. 

Generally it can be said that the narrower the interval within the data is 

normalised the more difficult it is for the neural net to find out the differences 

between the input data sets. For example, if all target data is between .01 and .02, 

it would be better to normalise the data over a wider range so that the network can 

better resolve and predict the targets. To give the learning algorithm the best 

chance to distinguish between the data sets a manual nonnalisation within the 

maximal range of O and I is advisable. 

6.3.3 Conclusion 

Neither rounding errors nor contradictory data can be the reason for the relative 

bad performance of the neural net. The examination of distribution of errors and 

distribution of data requires a closer insight into the field of backpropagation 

learning algorithm and normalisation and will be discussed in chapters 6.5 , 6.6 

and 6.7. Toe folJowing test is confined to improving th.e normalisation of the data. 

6.4 Test 3 

6.4.1 Preparation 

As discussed in chapter 6.3.2.5 in this test the data wi11 be nonnaJised manually in 

order to use the maximal normalisation range. Accordjng to the following fonnula 

input and output values are linearly normalised within the closed interval [O; l ]. 
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(Xi- min X) 
Si =-----'--

(max X - min X) 

Notation: 

Xi = value of the raw input variable X for the ith training case 

Si = standardised value corresponding to X 

In chapter 2.9 some complex normalisation methods are mentioned. For this test 

the simplest technique will be applied on the available data (Rescaling). 

Genera11y the data bas to be prepared in such a manner tlrnt it becomes as easy as 

possible for the learning algorithm to recognise the differences between the 

training sets in order to establish the cost function. To make the distinction 

between the data sets as easy as possible in this test all values wi ll be rescaled to 

the largest possible interval [O; I] instead of using the default normalisation of 

Qnet from 0.15 to 0.85. 

In case the input values would be normally distributed and the standard deviation 

cr is relatively small it could be useful to allow those values which lie within the 

standard deviation cr (the majority of 68% of aJl data sets would be located there) 

a normalisation over a wider range (i.e. 0.2 to 0.8). Then the other values which 

are located outside cr have to be squeezed outside the range (i . e. 0-0.2 and 0.8-J ). 

This kind of normalisation supports a fine tuning of relevant data (within the 

standard deviation) while extreme values and statistical outliers are hardly 

considered. 

If the cost estimator bas a good knowledge of those intervals which are 

particularly relevant for the cost function then he can speed up the learning 

algorithm by several orders of magnitude and reach a higher adaptation to the 

desir d cost function by preparing the data appropriately. 

As already mentioned in chapter 6 only a se.lection of possible input va lues bas 

been made in order to limit the amount of data. For this selection the data has 

been chosen in such a manner that almost every combination of input values is 
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available. Numbers that are commonly used in practice have been particularly 

considered. Because the selection of the data is not random the data is not 

normally distributed. Therefore a rescaling of the data seems to be sufficient. 

6.4.2 Results 

This time the mean error of the predicted values of the test set is 58% (compared 

to 78% in test 2) and the absolute mean error is 772,975.72 (887,038.5 in test 2). 

The maximum error is 811 % ( 1,400% in test 2). Again a considerable 

improvement of the neural net bas been achieved but still this result is not 

satisfying. 

6.4.3 Conclusion 

Because the preparation of data can have such an impact on the learning 

behaviour of the neural net it might be advisable to examine the normalisation a 

little bit more carefully. Therefore the following chapter will give a more detailed 

insight into the normalisation of data. 

6.5 Test4 

6.5.1 Preparation 

As already mentioned in chapter 2.9 the purpose of normalisation is to create as 

optimal conditions as possible for the training of the neural net. Based on the 

input values the backpropagation algorithm calculates the output of the network, 

compares this output with the target value and then determines the error as 

difference between calculated and target value. Then the total error of the network 

is minimised with the gradient descending method. 

Since the error of a neural network depends on the combination of its weights a 

functional relationship between weights and error exist. In order to explain the 

functioning of the gradient descending method graphically Figure 36 shows a 
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Figure 36: Three-dimen iooal error mountain 

three-dimensional function with two weights as x- and y-values and the error of 

the network as z-value. Because this figure uses two weights only the error 

function is based on a very simple neural net, i. e. a two-lay r network as it is 

displayed in Figure 37. 

At the beginning of the tTaining a random combination ofw igbts is chosen which 

leads to a certain error. This initial phase can be symbolised with a ball that is 

randomly placed anywhere in the error mountain. The gradient descending 

method mathematically searches the direction where a minimal change of w ights 

leads to maximal r duction of the rror. 

GraphicalJy this procedure can be symboli sed as a ball ro.lling down the st ep t 

way down. into a valley (see Figure 36). As soon as a local minimum has been 

fow1d the learning phase is finished (the implementation of an alpha term is not 

considered in this example), because each minimal hang of w ight would I ad 

to a b:igb r rror. Because a local minimum can still be v ry high (i. . high rror 

of the network) it is generally highly desirable tor ach the absolut minimum (or 

a minimum that comes as close as pas ibl to the absolute minimum). But th 
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Figure 37: Basic two-layer network 

more twisted the error mountain is the more difficult it is for the gradient 

descending method to find the absolute minimum and the higher is the risk to get 

stuck in a local minimum. 

The functional relationship between inputs and outputs signHicantly determines 

the error of a neural net. Generally it can be said that the more complex this 

functional relationship is the more twisted the error mountain will be. Practical 

experience shows that logarithmk or exponential or trigonometric connections 

between inputs and outputs are relatively difficult to handle by neural networks. 

Simple relationships on the other hand (e.g. linear functions) lead to a relatively 

plain error mountain and therefore the backpropagation algorithm leads to a faster 

and better adaptation of the neural network. 

If the cost estimator knows any functional relationships between inputs and 

outputs he can use this knowledge for the nonnalisation of the data in. order to 

create as a simple error mountain as possible for the training phase. 

If, for example, a square functional relationship between the weight of a 

component and the production cost exists, the data can be normalised with a 

square root function in order to create a linear relationship between normalised 

inputs (weight) and outputs (production cost). 

Now the question can this knowledge help to create a better neural network in this 

test. To determine the relationship between each single variable and the output for 

each variable those data sets had been selected, where all other variables remain 

constant (except the one that is being investigated). Even though the author 

looked for as many data sets as possible for each group the yield was quite 

modest. For example only two different numbers for PST ART exist with all other 
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values (MCPLXS, WT, Duration and Q1Y) remain constant. Because two 

numbers are not sufficient to determine a functional relationship no correlation 

analysis was carried out for th.is variable. 

Figure 38 shows the dependence between MCPLXS and Prod.Log.E. The straight 

line can be interpreted as linear connection between these variables. The 

mathematical correlation ofMCPLXS and Prod.Log.E is 99.982%. Th.is linear 

function can be regarded as optimal configuration for the network training and 

therefore a further adaptation is not necessary. 

Figure 39 and Figure 40 display the influence of QTY and WT respectively on 

Prod.Log.E (lines with squares). In these examples a logarithmic or a root 

function could describe the connection between input and output. The statistical 

analysis of the production cost (not Prod.Log.E) with Q1Y and WT resulted in a 

linear correlation of99.953% for QTY/Production Cost and 99.992% for 

WT/Production Cost. In order to get a linear correlation towards Prod.Log.E the 

variables (WT and QTY) simply have to be converted with lo~. The line with 
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Figure 39: Correlation between QTY, QTY.Log.E and Prod.Log.E 

the rhombus in Figure 39 and Figure 40 display the result of this conversion 

(QTY.Log.E and Wf.Log.E). Toe parallel course of QTY.Log.E and Prod.Log.E, 

and WT.Log.E and Prod.Log.E indicates the linear correlation. 

Duration can be adapted in a similar manner to QTY and wr. However with the 

log10 a much higher linear correlation can (93.697%) be reached than with loge. 

Figure 41 displays the parallel course of Dur.Log. IO and Prod.Log.E. Toe 

disadvantage of this variable is that the correlation analysis is based on 5 values 

only. Therefore it is not sure if this correlation can be transferred onto the whole 

data set. 

Toe objective of th.is test is to reach as linear a relationship between inputs and 

output as possible. Therefore wr, QTY and Prod.Cost will be normalised with 

Lo~, duration will be normalised with log10 and MCPLXS and PST ART will not 

be changed. After this step all values are rescaled to an interval from O to I 

according to the formula in chapter 6.4.1 
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Figure 40: Correlation between WT, WT.Log.E and Prod.Log.E 

6.5.2 Results 

200 

These results surpass the other tests by far. The mean error of the predicted values 

of the test set is only 19.20% (compared to 58% in test 3) and the absolute mean 

error is 533,358.66 (772,975.72 in test 3). The maximum error is 127.11 % (811 % 

in test 3). 

6.5.3 Conclusion 

This relatively good result does not give any reason for great satisfaction. In real 

world applications the quality requirements for cost estimates is so high that an 

average error of about 20% in the aeroplane industry is just acceptable (see 

chapter 3 .5. 7) Considering that the data material is based on a mathematical 

equation with no scattering at all it can be assumed that it may be much more 

problematical for a neural net to determine a function out of real world data where 

scattering is most likely included. The existence of a mathematical function 
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Figure 41: Correlation between Duration, Dur.Log.10 and Prod.Log.E 

helped in this test to increase the quality of the results and strictly the applied 

normalisation of chapter 6.5.1 is not permissible for the following reason : 

In order to determine the correlation between each variable and the output for 

each variable those data sets have been selected, for which all other variables 

remained constant. In spite of the attempt to find as many data sets as possible in 

order to reach a good adaptation for each variable the number of applicable 

samples was quite small and it is only up to a limited extend possible to verify 

whether the correlation analysis keeps the same validity over the complete 

definition area. 

Input Data for correlation analysis Complete data 

Min Max . Min Max 

MCPLXS 4.112 6.718 3.51 8.069 

Q1Y 500 8000 1 8000 

Duration 335 1461 335 3287 

WT 1 210 1 1900 

Table 16: Data range of correlation anal sis and total data 
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Figure 42: Three-dimensional example 

Table 16 shows the complete definition area of each variable and the interval on 

which the correlation analysis bas been carried out. For example the interval of 

the correlation analysis for MCPLXS is from 4.112 to 6. 718 while the whole data 

set has complexities from 3.518 to 8.069. Those areas which have been excluded 

from the correlatfon analysis (from 3.518 to 4.112 and from 6.718 to 8.069) could 

theoretically have some other kind of correlation or no cotTelation at all. Therefore 

it is statisticaJly incorrect to extend the conclusions from an analysis of part of the 

data to the complete data. 

On the other hand the results that have been achieved with this procedure are 

good. Toe major reason for this is that the present data material is based on a 

mathematical function and therefore a partial correlation analysis is very likely to 

be transferable to the whole range. Assuming the analysis was based on a real 

example then 
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Figure 43: y = f(x1) for x1 = -1.67 

• it would be questionable, if the complete data set could be represented by a 

single function (for example the data could be divided into little subsections). 

• a scattering of the data could lead to wrong results of the correlation analysis. 

Therefore a normalisation according to chapter 6.5. 1 could lead to dubious results 

if real world data is applied. But there is another reason why this procedure might 

not be applicable. 

The premise of the correJation anaJysis between one input and output is that the 

other inputs remain constant. But depending on the chosen values of the constant 

inputs the correlation between the variable input and output can drastically 

change. 

Figure 42 shows a function with XI and X2 as input variables and output Y. For 

example, to determine the correlation between X2 and Y. XI is set constant at -

1.67. The functionaJ relationship between X2 and Y corresponds to a cut through 

Xl = -1.67 and is shown in Figure 43 . Assuming that XI was set to + 1.67 then 

this cut would have a completely different function for X2 and Y as it is shown in 

Figure 44. 
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Figure 44: y = f(x2) for Xt = +1.67 

Theoretically it would be possible to check if the functional relationship between 

input and output for different combinations of constant inputs remains the same. 

However this requires extensive data material which is usually not accessible in 

real life applications. If this check leads to different correlations then a 

normalisation according to this chapter must not be performed because no strictly 

determinable correlation exfats. 

Based on the present data the functional relationship of different combinations of 

constant inputs always remains the same. This is not really surprising since the 

data is based on a mathematical function and it can be assumed that the calculated 

relationships keep their validity for the complete interval. For real world data such 

a behaviour is very unlikely. 

6.6 Test 5 

6.6.1 Preparation 

The aim of this test is not to improve the results of chapter 6.5. Rather another 

origin of the error of the neural net should be investigated. The question is; why 

can a neural network still have an average error of 20% with possibly the best 
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applied normalisation of the data and the optimal configuration of the network 

(see chapter 6.1 )? 

As already mentioned in chapter 6.4.1 a regression analysis for the nonnalisation 

of PST ART could not be perfonned because only two values at the most were 

accessible while the other inputs remained constant. The normalisation of the 

Duration is questionable too, because the correlation analysis is based on 5 data 

sets only. 

The complete data set bas 4 different values for PSTART only (see Table 17). A 

grouping of Duration resulted in 14 ctifferent values (see Table 18). Assuming that 

the data is evenly scattered up to 56 (14*4) combinations of PST ART and 

Duration should exist. The examination of the data on the other hand lead to the 

result that only 15 combinations of PSTART and Duration are present. This 

means that only one PST ART is assigned to each Duration (see Table 19). An 

exception is a Duration of 1461 whjcb is associated with two values of PST ART. 

Even though these variables are linearly independent and many combinations 

could be possible the neural network will assume a strong dependency between 

PSTART and Duration because the available data presents only a very limited 

number of combination. 

The elimination of this "fake" dependency can lead to much better results as the 

following three examples will show. In Table 19 those three groups which have 

the highest amount of data sets have been selected (highlighted in bold type) and 

for each of these groups an individual neural network with QTY, MCPLXS and 

WT as input parameters and Prod.Cost as output parameter bas been trained. The 

nonnalisation method is based on chapter 6.5.1. For testing reasons 200 data sets 

have been randomly excluded from each network. 
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Table 17: Amount of different PSTART in total data sets 
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Table 18: Amount of different Durations in total data sets 

Table 19: Combinations of PST ART and Duration in total data sets 
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6.6.2 Results 

The quality of the results of the networks is comparable to the network in chapter 

5.2 which has been used to calculate the complexity. Table 20, Table 21 and 

Table 22 show a relative mean error of2.39%, 5.69% and 4.61 %. The relative 

maximum error never exceeds 33.2%. Test 5.2 has got the worst results. One 

reason for this could be the fol1owing: 

According to chapter 6.3.2.2 there are 326 contradictory data sets in the data. 

They are all present in Test 5.2, because their PST ART equals 34335 and their 

Duration equals 2922. Their average deviation is 2.5%. Since this contradictory 

data has the effect of scattering, the function will probably find its own level in 

between the ordinary data space and the contradictory data space. Therefore it can 

be assumed that the elimination of the contradictory data will reduce the error so 

that the networks performance comes close the performance of Test 5.3. 

It is quite striking that the relative mean error of test 5. I is about 2% lower than 

those of test 5.2 and test 5.3 . Since the other values (relative maximum error and 

absolute maximum error) are located at the same level a further analysis of this 

phenomena is not necessary. 

6.6.3 Conclusion 

The tests in this chapter show clearly that PST ART and Duration have a rather 

disturbing influence on the network's performance and do not give any 

contribution to finding the cost function. The reason for this is that (with one 

exception) for every Duration only one particular PSTART is assigned to. 

Therefore it is impossible for the neural network to determine a functional 

relationship between PSTART and Prod.Cost because for each PSTART the 

Duration bas a different influence onto the production costs. 
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mean Error 

relative max. Error 

absolute max. Error 

Table 20: Results of Testdata 5.1 

mean Error 

relative max. Error 

absolute max. Error 

Table 21: Results of Testdata 5.2 

mean Error 

relative max. Etror 

absolute max. Error 

Table 22: Results of Testdata 5.3 

absolute 

50,078.25 

163.93 

3,086,633.91 

absolute 

297,879.82 

79,200.21 

3,038,601.83 

absolute 

101,949.70 

314.45 

3,629,565.57 

relative 

2.39% 

22.37% 

21.04% 

relative 

5.69% 

33.20% 

21.60% 

relative 

4.61% 

27.87%, 

25.56% 

With th.e elimination of PST ART and Duration the networks quality became 

comparable to those in chapter 5.2. If there are still minor deviations to the results 

in chapter 5.2 the reason for this could be found in much more complex functional 

relationships for the determination of Prod.Cost than the determination of the 

complexity in chapter 5.2. 

6.7 Test6 

6.7.1 Preparation 

It would have been difficult to proceed with a normalisation according to chapter 

6.6 with real world data. The reasons for that can be found in chapter 6.5.3 and 

therefore it can be said that the good results have been achieved by "cheating". 
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Cluster 1 

Figure 45: vectors with clusters 

Sti ll it should be possible to find a general normalisation method which leads to a 

satisfying quality of the results. To understand the following alternative another 

brief outlook on neural networks is necessary. 

Within the last chapters it was mentioned that a new-al n twork is trained until it 

represents a determined function. This does not mean that the function is saved in 

form of an equation in the network. Rather each combination of inputs produces a 

particular output. The sum of all inputs and outputs represents a function. 

Assumjng the training data consists of numerical values which contain 

considerably big gaps between the data sets then the network develops empty 

spaces between the training data. If during the recall phase an input value is 

chosen which lies exactly between two distant training values then the output will 

be ideally located between the outputs of the training data. As already mentioned 

in chapter 4.2 a neural network is capable of representing any hyper space (while 

a linear correlation analysis represents a hyper plane). Strictly speaking the 

network saves the trained data. If a new input vector is applied the network is able 

to calculate a new output and since to each input vector one output vector is 

applied the impression of a steady function comes into being. In fact just the 

information of some vectors is saved in the synapses which represents the hyp r 

room. The network can use this information to calculate any vectors within the 

empty spaces. Any of these vectors or a group of vectors within narrow bounds 

are called a cluster ( see Figure 45). 
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For the following nonnalisation method it is not necessary to assume any 

functional relationship between inputs and outputs in order to determine the costs. 

Rather the similarity between the projects is important. During the trajning phase 

the characteristics of each project are saved as a single vector in the network. 

During the recall phase the network searches that vector which mostly fits tl1e 

applied input vector and presents the corresponding output. If a test set is similar 

to two saved vectors then a new output which is located between the other two 

values is generated. 

If a neural network is looked at from this point ofvjew, a normalisation method 

should be chosen which spreads the training values as evenly as possible over the 

complete hyper room to make a distinction between different values as easy as 

possible. Therefore the data is normalised according to the following rule: 

1. Determine the maximum and minimum value of a variable 

2. Determine the number of different values for this variable 

3. The minimum value is set to O and the maximum value set to 1 

4. The normalised distance between each group of values is calculated as: 

normalised distance = 1 /( amount of different values - I) 

Example: 

QTY can take on 19 different values (see Table 23). QTY = l is mapped to 0 and 

QTY = 8000 is mapped to 1. The normalised distance is 0.05555555555556 

(=l/(19-1); see column 3 in Table 23). The remaining input variables are 

nonnalised. For example, when the QTY goes 80, the sixth value in the column, 

the normalised value is (6-1 )* 0.05555555555556 which is equal to 

0.2777777777778. 

For the outputs the nonnalisation method of chapter 6.4 is applied. Iftbe outputs 

were normalised as the inputs in this chapter it would be very awk-ward to 

renormalise the predicted values of the network because they usually do not hit 

exactly the measured values. To renormalise a measured value that lies between 
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Table 23: Amount of different QTY in total data 

two measured values a linear interpolation between these numbers would be 

required. This very time consuming procedure would hardly improve the quality 

of the predictions and therefore the normalisation method of chapter 6.4 is 

applied. 

6.7.2 Results 

The quality of the results of this test is quite comparable to chapter 6.6. The mean 

error of the predicted values of the test set is 22.21 % (compared to 19.20% in test 

4) and the absolute mean error is 541,303.48 (533,358.66 in test 4). The maximum 

error is 297.58% (127.1 I% in test 4). 

6.7.3 Conclusion 

Excepting the results of test 5 which were only achievable because it was known 

from the start that the data is based on a clearly defined mathematical function it 

can be asserted that test 6 achieved the best results of the six tests described in this 

chapter. 
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Because this normalisation method evenly spreads the data over the hyper space 

those clusters where many vectors lie closely together will be stretched whjle 

other spaces where only a few vector are present wilJ be compressed. 

For real world data it can be assumed that more data sets are available for those 

projects wruch lie within the typical cost range whereas for particularly big or 

small project hardly any data exists. The new normalisation method can have a 

favourable effect on both these data sets. For those ranges where many finely 

tuned data samples exist (typical projects) this normalisation method trains the 

network particularly well . At the edge of these ranges where only rough 

information is available this normalisation graduates the data only crudely. 

This simple normalisation method neglects any functional relationships between 

inputs and outputs. Only the similarity is decisive for th.e cost estimate. This 

general procedure makes it easy to transfer the normalisation metl10d onto other 

data sets. It allows the neural network to compare the characteristics between the 

projects because the relative values of the characteristics of the project can be 

modified. 

6.8 Discussion of the test results 

The data used in these tests make it much more difficult to generate a neural 

network which is able to determine a correct connection between input and 

output. Because Qnet has much more powerful tools to analyse the neural net this 

software program has been used instead of NNModel. In some tests on the other 

hand NNModel was also applied to ensure that the results of both software 

programs were comparable. 

Although the dimensioning of the neural net was relatively easy, the main 

problem was the preparation (normalisation) of the data. 

First of alJ the values of Prod.Cost covered several orders of magnitude (see 

chapter 6.2.2.1) and significant rounding errors occurred. Next to that some data 
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sets made the training much more complicated (see chapter 6.2.2.2) and therefore 

they bad been eliminated out of the training set. 

For the backpropagation algorithm it turned out to be very difficult to handle 

overlapping exponential or logarithmic correlations. The quality of the network 

could be considerably improved where these correlations were linearised (see 

chapter 6.5). 

In chapter 6.2.1 it had been recognised that the combination of PST ART and 

PEND does not provide any useful infonnation for the neural network and 

therefore PEND had been transformed into Duration. The advantage is that a 

mathematical correlation between Duration (or PSTART) and Prod.Cost exists. 

The disadvantage is that these values rather confuse the network than provide any 

useful information (see chapter 6.6). For this reason a comparable quality to the 

determination of MCPLXS could not be reached. This problem is practical for 

cost estimators who need to 

l . find the main cost drivers 

2. determine a functional relationship between cost drivers and costs 

3. collect sufficient data in order to verify the functional relationships. 

rt is not only the above mentioned normalisation methods which have been 

applied to the network but also other procedures. Most of them are mentioned in 

chapter 2.9 (Standardisation of Column vectors, Standardisation of Row vectors, 

non-linear transformation). Their effects however did not improve the networks ' 

performances. 

All tests in this chapter are based on artificially generated data. Therefore the 

good results are not really surprising. But how would a neural network perform if 

real world data is used and if it is not certain whether any functional relationships 

exist at all'? Particularly the nonnalisation method of chapter 6.7 bas to prove if its 

universal usability is still valid. 
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7 Multi-Layer Perceptron on real world data 

In chapter 5 and chapter 6 the Multi-Layer-Perceptron has been used on data 

which was generated by the PRICE model. Therefore the neural network bas 

emulated an already existing mathematical model. But how would a Multi-Layer­

Perceptron perform if it was trained with genuine data? Is tl1e neural network still 

capable of recognising an existing connection between inputs and outputs? If the 

answer is yes, is the structure of this relationship good enough to perform a 

sufficiently precise cost estimate? To answer these questions in this chapter the 

network will be applied on real world data from Daimler-Benz Aerospace Airbus 

(DASA). 

7.1 The Enterprise Daimler-Benz Aerospace Airbus 

Daimler-Benz Aerospace Airbus GmbH is the German partner in international 

Figure 46: Diff ereut models of the "Airbus .Family" 
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Airbus 
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Figure 47: Airbus Industries Partners 

civil and wide-body aircraft programs. As one of two major partners in the 

European Airbus program, DASA has been responsible from the beginning for the 

development and manufacture of major assemblies for all Airbus types. 

Today "Airbus" stands for a family of aircraft accommodating from 120 to 350 

passengers, covering short hauls and long ranges. Figure 46 shows the different 

models of the "Airbus Family" and classifies each type by the range and the cabin 

layout.84 

With its four partners - Aerospatiale in France (37.9%), Daimler-Benz Aerospace 

Airbus in Germany (37.9%), British Aerospace in Great Britain (20.0%) and 

CASA in Spain (4.2%) - and two associate members Airbus Industries is one of 

the largest industrial undertakings in Europe. Each partner is fully responsible for 

its own components (see Figure 47). 
85 

84 Daimler-Benz Aerospace Airbus - prospect Into the future, Hamburg, Nov. 1996, p. 2 

85 Daimler-Benz Aerospace Airbus - prospect Into the future, Hamburg, ov. 1996, p. 4 
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Figure 48: A321 Product sharing 

As well as subsidiaries in Bremen, Dresden, Laupheim, Nordenham and Varel the 

Hamburg plant is the DASA management headquarters. The Hamburg plant is one 

of two assembly centres, the other being in Toulouse. In Hamburg the A3 l 9 and 

A321 single aisle aircraft undergo final assembly and are then delivered to 

customers. Hamburg is also home of the Development Department, Design 

Office, Product Managers of the various Airbus programs and Customer Service. 

It is at the Hamburg plant that the fuselage sections for all Airbus aircraft are 

assembled and equipped with all vital systems such as electrical power, 

electronics, hydraulics, air conditioning and water. The company also has 

extensive test facilities including installations for static and dynamic testing. 86 

Figure 48 displays the product sharing of the A321. 

7.2 Cost Estimating at Daimler-Benz Aerospace Airbus 

To achieve the most accurate cost estimates the aeroplane is divided into work 

packages. Table 24 displays all work packages for the A320. Each of these work 

packages is further subdivided into smaller work packages. This procedure is 
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Work-package No. 
I 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 

Work-package 
Fmward nose fuselage 
Forward fuselage 
Center fuselage 
Aft center fuselage 
Rear fuselage 
Tailcone forward section 
Tailcone rear section 
Torque box 
Wing box 
Control surf aces 
Fin and rudder 
Tailplane and elevators 
Pylons 
Nacelles 
Fan reversers 
Landing gear 
Fumisrungs 
Main assembly 
Join up forward fuselage (sections 11/12 + 13/14) 
Join up forward fuselage/ torque box (sections 15 + 21) 
Join up rear fuselage (sections 18 + 19) 
Join up center / rear fuselage (sections 15/2 t + 16/17 + 18/19) 
Power package 
Wing assembly 
Harness forward 
Harness aft 

Table 24: Work packages for A 320 

repeated until an elemental level bas been reached and another break-down would 

not provide any more useful information. Figure 49 shows a forward fuselage 

(work package no. 2 of the A320 in Table 24) wruch is further divided into the 

subsections Bl , B2 and B3. 

For many of these elements a parametric cost estimate with PRICE is perfonned. 

Depending on the kind of component other estimating methods can b appli d a 

well . In addition DASA has an extensive real cost database at its disposal and 

therefore for many components these costs can be applied instead of performing a 

cost estimate. To calculate the complete costs of the complete aeroplane all prices 

of all elements are aggregated (considering the assembly outlay) to the top lev I. 

86 Daimler-Benz Aerospace Airbus infotmation prospect, Hamburg, ov. 1997, p. 12 
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Figure 49: work package for forward fuselage 
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Because this cost estimating procedure uses elements ofDet.ailed Cost Estimates 

Based On Workpackages (see chapter 3.2.9) (WBS, technical data, cost 

database) and elements of Parametric Co t Estimates (see chapter 3.2.11) 

(MCPLXS as CER's), thj s method can not be categorised as any particular cost 

estimating method. Rather this method can be positioned between these 

techniques and should be implemented between the phases B and of Figure 13 

on page 57. This method of cost estimation has advantages for DA A only 

because all accessible cost information can be used while an estimate is only 

applied when necessary. 

7.3 Hogout Problem 

Some components in the aeroplane industry are subject to extremely high 

performance requirements (e.g. metal fittings, brackets, trusses). For weight 

reasons many of these parts are made of aluminium. Though aluminium is ry 
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Figure 50: example for hogout component 

light, it is also a very brittle metal and the bending or welding of alwninium leads 

to tensions and weakness inside the material and then the component could not 

fulfil its performance requfrements anymore. To fulfil these requirements the 

components are milled out of aluminium blocks. 

Depending on the component's geometry up to 98% of the aluminium block ar 

milled off (see Figure 50) to produce the required shape. Because DASA caHs this 

extensive nulling process "Hogout" this expression will be used in the following 

chapters. Toe costs of these bogout components are determined by 

• the material cost ( of the aluminium block). 

• the milling costs (the more material is removed the more expensive the 

component becomes). 

• the geometry of the component (the more complex the geometry the more oft.en 

the tools of the CNC milling-machine need to be changed or the more often the 
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no. name M111erial lcnglh wldlh dept "'"' weight Tio gout Pree. MCPl~XS M Pl .XS MCP I.XS 

(mm] (mm) h welghl (% ) + 11. ci,1 . n. 
)mm} 

I Y-B~•chlag 3.4364 75 60 80 1.008 0.05 95.04% 0.3 5.5692 4.3840 4.8068 

3 X-Bes hlag 3.4364 120 11 0 90 3.326 0.06 98.20% 0.5 5.611 2 6.3800 4.6190 

5 XY-Beschlag 3.4144 150 II 0 90 4.158 0.08 98 .08% 0.5 5.6 156 6.3390 4.6226 

7 X-Beschlog 3.4364 80 80 90 1.613 0.09 94.42% 0.3 5.6010 5.9790 4.8076 

10 Foiring Befestigung 3.4364 140 53 50 1.039 0.09 91.34% 0.5 5. 1882 4.3640 4.62 15 

11 Ha ller 3.4364 100 160 100 4.480 0. 11 97.54% 0.3 5.7493 5.7740 4.8 104 

12 Bet1chlag 3.4364 140 80 100 3.136 0.12 96.17% 0.5 5.4174 4.70 10 4.6215 

I 3 Tab Fiihrung 3.4364 130 30 32 0.347 0. 13 62.80% 0.5 4.7539 5.2780 4.6202 

15 Kupplung 3.4364 125 70 80 1.960 0. 13 93 .37% 0.5 5.2784 4.5750 4.6196 

16 Beschlag 3.4364 105 105 80 2.470 0. 14 94.33% 0.3 5.4754 4.6 190 4.8111 

17 Fairing Befes tigung 3.4364 140 75 32 0.935 0. 14 85. 12% 0.5 5.0606 4.6750 4.62 15 

18 Beschlag 3.4364 340 66 80 5.027 0. 17 96.62% 0.5 5.4864 6.4770 4.64 10 

20 Beachlag 3.4364 80 11 5 80 2.061 0.17 91.75% 0.3 5.4141 4.7280 4.8076 

2 1 Galleybeachlag 3.4144 130 95 90 3.1 12 0.19 93.89% 0.5 5.2864 4.6250 4.6202 

23 Elndrippe Aullcn 3.4364 520 65 40 3.786 0.20 94.72% 0.8 5. 1943 5.4500 4.4832 

24 Lagerbock 3.4364 230 11 0 100 7.084 0.21 97.04% 0.5 5.5 102 5.42 10 4.63 II 

27 Verriegelungsbeschlag 3.4144 100 100 90 2.520 0.21 9 1.67% 0.3 5.4746 4.9870 4.8104 

28 Anschluf.'beschl ag 3.4144 130 130 90 4.259 0.24 94.36% 0.5 5.30 17 5.4280 4.6202 

29 Lagerbock 3.4364 155 120 80 4.166 0.25 94.00% 0. 5.2936 S.0150 4.6232 

30 Beschlag 3.4364 70 90 100 1.764 0.26 85.26% 0.3 5.2853 3.97 10 4.8060 

32 Hakenbeachlag 3.4364 105 134 90 3.546 0.28 92.10% 0.3 5.4754 4.9690 4.81 11 

33 Beschlog 3.4144 272 90 90 6. 169 0.28 95 .46% 0.5 5.3898 5. 11 00 4.6351 

34 Hebel 3.4364 245 100 80 5.488 0.28 94.90% 0.5 5.3353 4.5420 4.6326 

35 s 1u1ze 3.4144 325 90 11 0 9.009 0.29 96 .78% 0.5 5.5002 4.9440 4.6398 

36 Sliitz.e 3.4364 290 150 80 9.744 0.32 96.72% 0.5 5.4985 .2120 4.636, 

37 Anachluf.'bes hlag 3.4364 280 220 80 13.798 0.34 97.54% 0.5 5.5760 6. 1270 4.6358 

38 Beachlag 3.4364 300 165 100 13.860 0.34 97 .55% 0.5 5.5782 5.4620 4.6376 

39 Beschlag 3.4364 300 165 100 I 3.860 0.34 97.55% 0.5 5.5782 5.6990 4.63 76 

40 Beschlag 3.4144 205 170 120 11.7 10 0.35 97.0 1% 0.5 5.5152 5.9030 4.6286 

42 Drifl-Pin-Beschlag 3.4144 13 I 101 90 3.334 0.37 88.90% 0.5 5.0964 4.9500 4.6204 

43 Endrippe lnnen 3.4364 JOO 52 40 0.582 0.37 36.47% 0.3 4.9402 4.9450 4.8 104 

45 Beochlag 3.4144 13 1 IOI 90 3.334 0.37 88.90% 0.5 5.0964 4.99 10 4.6204 

46 Stutzbeschlag 3.4144 160 80 80 2867 0.37 87. 10% 0.5 5. 1002 5. 1410 4.6238 

47 Beschlag 3.4144 13 1 IOI 90 3.334 0.38 88.60 A, 0.5 5.0887 4. 1790 4.6204 

48 Hebel 3.4364 120 JOO 90 3.024 0.38 87.43% 0.3 5.3009 4.5450 4.8 131 

49 Ans hluf.'beschlag 3.4364 300 220 80 14.784 0.39 97.36% 0.5 5.5587 6. 1670 4.6376 

50 Sliitw 3.4364 350 170 80 13.328 0.41 96.92% 0.5 5.5088 5.3640 4.64 19 

51 Sliitze 3.4364 300 180 80 12.096 0.41 96.61% 0.5 5.48 10 5.0460 4.6376 

53 Hebellag r hin len 3.4144 160 150 130 8.736 0.42 95. 19% 0.5 5.3766 5.0 180 4.6238 

54 H bet 3.4364 190 120 80 5. 107 0.43 91.58% 0.5 5.2075 4.6840 4.6271 

55 Stiitzbeschlag 3.4144 140 11 6 120 5.457 0.43 92.12% 0.5 5.2012 5.4 130 4.62 15 

56 Stiitzbeschlag 3.4144 140 116 120 5.457 0.43 92. 12% 0.5 5.20 12 5.4 130 4.62 15 

58 StOtzbeochlag 3.4144 140 11 6 120 S.457 0.43 92.12% 0.5 5.20 12 5.4170 4.6215 

59 Beschlag 3.4144 250 200 130 18.200 0.47 97 .42% 0.5 5.5520 5.8010 4.6330 

Table 25: MCPLXS of Hogout components (part 1) 

component bas to be clamped in different positions and the longer the 

productjon process lasts). 

Generally it can be said that the longer the milling process lasts the more 

expensive the component will be. Or: The lighter the component the more 

expensive it is! 

163 



7 Multi-Layer Perceptron on real world data 

If the costs ofhogout elements are estimated with the PRICE model, weight and 

complexity are the main influencing factors. According to the formula in chapter 

5.2 the MCPLXS is determined by Machinability, Maturity, Platform, Precision, 

Length and Number of Parts. Since all components are made of Aluminium (two 

very similar materials are used) and because their assembly difficulties are almost 

equal and the number of fabricated parts is one, their Maturity (3), Machinability 

(160), Platform (1. 7) and number of parts (l) for all components remain the sam . 

Merely the Material has two different but still very similar values (3.4144 and 

3.4364) which have no effect on the Machinability and therefore this value can be 

neglected. MCPLXS varies due to a different Precision (between 0.3 and 2) or 

Length (longest side of length, depth or width). Because Length and Precision 

play only an inferior role in the determination of MCPLXS the main contribution 

to calculate the costs is given by the weight. 

Now the PRICE model is set up in such a manner that an increasing weight ( or 

volume) of the component leads to higher production costs. Forhogout 

components this connection is exactly the other way around! The higher the 

hogout the lighter the component becomes and the more expensive the production 

will be. The PRICE model fails because it underestimates the production costs for 

parts which have a relatively high hogout. 

To solve this problem, PRI E introduced a correction value named slug factor 

which directly influences the complexity. The bogout for the determination of the 

complexity bas the following influence:
87 

( 
Weight of Slug ) .os 

Slug Factor = Weight of Finished Item 

If more than I 0% oftbe slug weight is machined away this factor is multiplied 

with the original complexity. Because this value was not sufficient to handle the 

hogout problem for DASA, PRICE introduced another corTection factor, wbkh 

directly influences the costs according to the following fonnula : 

87 PRI EH Reference Manual, PRJ Systems, Moorestown, New J rsey, 1988, 20-13 
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Figure 51: Influence of Hogout on ba ic OPC, target OPC and p iii cost 

target OPC = basic OPC + (basic OPC * hogout * K)KEXP 

OPC (only piece cost) describes the costs for the production of a sing! 

component. Economies of scale and learning curves are not considered. To 

calculate the target OPC the basic OPC are corrected with the hogout factor (the 

higher the ho gout the more costs are added). Kand KEXP can be chosen and 

adjusted by the user until the target costs have b en reached. To g ta nwnb r of 

target OPC values DASA milled an aluminium block in small steps down to the 

required component. For each of these steps the hogout and the weight ofth 

component and the manufacturing time were determined and multiplied with the 

relevant production costs. 

weighl 

If these values are entered in a co-ordinate grid the result might look similar to 

Figure 51. According to the original PRICE model the decreasing weight of a 

component leads to decreasing basic OP (ba ic OP line) although in reality the 

actual costs increase (target OP line). In fact the specific costs of a component 

(Deutsche Mark per Kilogramm) increase exponentia11y. Based on the curv s of 

basic OPC and bogout K and KEXP are adjusted in such a manner until the 

equation r pres nts the target OP curv . 
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no. Name Material length " i dth depth raw weight Hogout Pree. MCPI-XS 

(mm] (mm] (mm] ,night (% ) + U. 

60 Beschlog 3.4144 250 200 130 18.200 0.47 97.42% 0.5 5.55~ 

62 Beschl •g 3.4144 250 200 130 18.200 0.47 97.42% 0.5 5 . .55~ 

63 YZ- Riegcl 3.4364 153 102 100 4.370 0.48 89.02% 0.5 5. 1073 

64 Tob Anschluss 3.4364 245 54 60 2.223 0.49 77.95% 0.5 4.9007 

65 Stutzbeschlag 3.4144 147 11 6 120 5.729 0.5 1 9 1.1 0% 0.5 5.2054 

66 TAB -Beschlag 3.4364 290 160 80 10.394 0.55 94.7 1% 0.5 5.3452 

67 Tab Beschlag 3.4364 290 160 80 10 .394 0.55 94.71% 0.5 5.3452 

69 Gabelhalterung 3.4364 200 130 80 5.824 0.6 1 89.53% 0.5 5. 1608 

70 BeUi tiger 3.4364 284 92 90 6.584 0.65 90. 13% 0.5 5. 1958 

71 KJappenbeschla 3.4364 490 190 100 26.068 0.65 97.51% 0.8 5.3819 

73 TLLI- 3.4364 405 170 80 15.422 0 .66 95.72% 0.8 5.2 193 

74 Beschla g 3.4144 360 90 90 8. 165 0.66 91.92% 0.5 5.2369 

75 Beschlag 3.4144 185 130 120 8.08 1 0.68 91.58% 0.5 5.2102 

76 Still.Zbeschlog 3.4144 140 160 120 7.526 0.70 90.70% 0.5 5.1 963 

77 Segment 3.4144 3 10 300 11 0 28.644 0.7 1 97 .52% 0.5 5.5169 

78 Beschlag 3.4144 410 100 90 10.332 0.72 93 .03% 0.8 5.0852 

79 FAN-LRger 3.4364 350 400 80 31.360 0.75 97.6 1% 0.5 5.5844 

80 Beschlag 3.4364 490 200 100 27.4«) 0.77 91.19% 0.8 5.3456 

81 Beschlag 3.4 144 325 100 90 8.190 0.78 90.48% 0.5 5. 1858 

82 Nasenbeachlag 3.4364 200 100 100 5.600 0.80 85.7 1% 0.5 5.0822 

84 Schloilbeschlag 3.4364 300 250 100 21.000 0.84 96.00% 0.5 5.4363 

85 Schlollbeschlag 3.41 44 300 250 11 0 23. 100 0.85 96.32% 0.5 5.4587 

86 Schlollbeschlag 3.4364 320 240 100 2 1.504 0.86 96.00% 0.5 5.4449 

87 Schlollbeschlag 3.4 144 300 220 11 0 20.328 0.87 95.72% 0,5 5.4 126 

88 Antriebsbeschla 3.4364 150 100 90 3.780 0.88 76.72% 0.5 4.9246 

90 Oberer Beschlag 3.4144 2 10 130 140 10.702 0.90 91.59% 0.5 5.2240 
92 Schlo l.lbeschlag 3.4144 290 250 11 0 22.330 0.90 95.97% 0.5 5.4289 

93 Hebelwclle 3.4364 380 250 90 23.940 0.9 1 96.20% 0.5 5.4593 

94 Spantkupplung 3.4364 250 190 90 11.970 1.05 91.23% 0.5 5.2093 

96 Traverse 3.4164 375 11 0 80 9.240 I.II 87.99% 0,5 5. 1224 

97 Traverse 3.4364 430 11 0 80 10.595 1. 19 88.77% 0.8 4.9746 

98 Beschlag 3.4144 280 170 JOO 13.328 1.21 90.92% 0.5 5. 1947 

I 00 Traverse 3.4364 450 11 0 80 11.088 1.23 88.91% 0.8 4.9670 

l 02 Besch lag 3.4144 290 130 130 13 .723 1.25 90.89% 0.5 5.2076 

103 Hollenmg 3.4 144 290 140 130 14.778 1.70 88.50% 0.5 5. 1390 

I 06 Beschla g 3.4 144 300 ISO 130 16.380 1.73 89.44% 0.5 5. 1536 

I 07 Filhrungaschien 3.4144 580 190 140 43 .1 98 1.95 95.49% 0.8 5,2258 

109 Rippe 13 3.4364 750 200 80 33 .600 2.00 94.05% 0.8 5. 1671 

I IO Beschlag 3.4364 ~15 74 80 8.537 2. 17 74.58% 0.8 4.7474 

I l 2 Antriebahebcl 3.4364 6 10 175 90 26.901 2. 19 91.86% 0.8 5.0687 

11 3 Traverse 3.4364 780 175 90 34.398 2.39 93.05% 0.8 5. 1202 

114 Holm 3.4364 3050 85 55 39.925 2.76 93.09% 2 4.8777 

11 5 Traverse 3.4144 700 130 130 33.124 4.80 85.51% 0.8 4.9113 

11 6 Mittellriiger 3.4 144 11 10 240 130 96.970 6.44 93 .36% 1.2 4.9939 

Table 26: MCPLXS ofHogout components (part 2) 

The correction values K and KEXP become invalid if 

• a clifferent material is used which will change the production time and 

production costs 

• the component is produced on a different grinder or milling-machine 

MCPl~XS 

t·ttl 

6. 1660 

5.80 10 

4.611 0 

5.2750 

4.7250 

4.9400 

5.2380 

4.3450 

5.2030 

5.8250 

5.3590 

4.6 150 

5.4330 

.5.6500 

6.71~ 

4.9750 

5.8180 

5.3790 

4.3660 

4.9390 

5.3960 

5.4280 

5.2650 

5,2750 

4.0980 

5,5300 

5.2980 

5.2590 

4.9730 

4.6870 

4.77 10 

5.65~ 

4.7960 

4.5700 

4.:5000 

5.07Xl 

5.5570 

5.37 10 

4.6830 

5.0050 

5.3370 

5.0380 

4.3740 

5.78IO 

• the geometry oftbe component is more or less complex; its production can be 

easy (cheap) or difficult (expensive). 

166 

MC P L\'.S 

- 11. 

4.6330 

4.6330 

4.6230 

4.6326 

4.6223 

4.6367 

4.6367 

4.6281 

4.6362 

4.48 11 

4.4747 

4.6427 

4.6265 

4.62 15 

4.6385 

4.4751 

4.64 19 

4.48 11 

4.6398 

4.6281 

4.6376 

4.6376 

4,6393 

4.6376 

4.6226 

4.6291 

4.6367 

4.6443 

4.6330 

4.6439 

4.4766 

4.6358 

4.4781 

4.6367 

4.6367 

4.6376 

4.4874 

4.4983 

4.4829 

4.4894 

4.5001 

4.2826 

4.4952 

4.3756 



7 Multi-Layer Perceptron on real world data 

Strictly speaking Kand KEXP are only valid for a certain component that is 

produced on a certain mi11ing-machine with the same grinders. As soon as one of 

the variables changes (and at DASA thjs js often the case) new values need to be 

determined for K and KEXP which is impractical. 

Table 25 and Table 26 show some samples ofhogout components that are made 

of aluminium blocks. The complexity in the right column MCPLXS - H (- H. 

stands for "no consideration of Hogout") is the result of the classical PRICE 

model. MCPLXS + H considers the bogout. ln combination with the weight both 

types of complexities lead to inaccurate estimates. 

In effect this means that to calculate costs for articles with bogout, PJUCE applies 

a different complexity parameter, which accounts for the ho gout, and then 

modifies the cost estimates produced by another factor which also includes an 

element to take account of the hogout. 

To calculate the correct complexity for each component in Table 25 and Table 26 

the production costs were determined and then traced backwards to derive a 

calibrated complexity (MCPLXS - cal). The PRICE software program offers a 

specific tool for the trace ca11ed ECJRP (PRICE backwards). 

In the following chapters it will be examined to wruch extent a neural network is 

capable of determining MCPLXC - cal by using inputs like Material, Length, 

Width, Depth, Raw Weight, Weight, I-logout and Precision. Is a neural network 

capable to represent a functional relationship that has a higher quality than the 

values determined by the PRICE model? 

To exclude parameters that might influence MCPLXS - cal without being listed as 

input values the following has been considered for the selection of components: 

• All components have been manufactured on similar milling-machines (single­

spindle-milling-macrune) in order to be based on similar production costs. 
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7 Multi-Layer Perceptron on real world data 

• AH components are made of the same aluminium. Therefore it can be assumed 

that for a similar geometry the same tools (rotary grinders) and rotating and 

progressing speeds will be used. 

• All components have been manufactured during the same period of time in 

order to have similar economic conditions. 

• For all components identical lot sizes have been produced in order to keep the 

costs for tool changes constant. 

Although the components were comparable there can still be some scattering in 

the data: One reason could be that during the manufacturing process the mi11ing­

machine comes to an unexpected stop, for example, due to a broken rotary 

grinder. This delay increases the production time and the production costs. 

DASA 's experience shows that these additional expenses do not exceed 8%. 88 

Considering that the relationship between costs and MCPLXS is not necessarily 

linear a data analysis shows that this scattering never exceeds 6% for the same 

components. 

In the following sections the data will be normalised in different ways and the 

configuration of the networks will vary. Both software programs Qnet and 

Nnmodel will be applied. The analysis procedure is analogous to chapter 5.2 .If 

any set up should differ from the corresponding tests in chapter 6 then this will be 

explained further. 

7.4 NNModel for the Hogout problem 

7.4.1 Preparation 

In this test NNModel will be used to determine three types of complexities. The 

program is set-up according to chapter 5.1 (The software NNMODEL). Again the 

results are five neural models and five test matrices that have been tested with 

their corresponding model. The only difference between chapter 5 (Multi-Layer 

88 Telephone call between Mr. Hillmer and author on November, 12th 1997 11.30 
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7 Multi-Layer Perceptron on real world data 

MCPLXS - H. PMCPLXS- H RMCPLXS - H 

measured 
4.474691 

4.48107 
4.48107 
4.48107 

4.489364 
4.489364 
4.619629 
4.620249 
4.620372 

4.62146 
4.62146 
4.62146 
4.62146 
4.62146 
4.62146 
4.62146 

4.622287 
4.623783 
4.623783 
4.623783 
4.628 105 
4.62862 
4.62913 

4.631122 
4.631122 
4.633047 
4.633047 
4.633047 
4.633047 
4.635093 
4.636182 
4.636719 
4.636719 
4.637605 
4.637605 
4.637605 

4.63977 
4.806042 
4.806818 
4.806818 
4.807574 
4.810426 
4.810426 

mean Error ofR-MCPLXS - H. 

relative max. Error ofR-MCPLXS - H. 

absolute max. Error R-MCPLXS - H. 

edicted 
4.473596 
4.473536 
4.473701 
4.479446 
4.494316 
4.497313 

4.62234 
4.628334 
4.626222 
4.628211 
4.629506 
4.631815 
4.631815 
4.634426 
4.645766 

4.64635 
4.629014 
4.630459 
4.631138 
4.635849 
4.642 135 
4.636813 
4.642021 
4.634059 
4.637192 
4.637224 
4.639218 
4.642731 
4.642962 
4.642504 
4.642176 
4.639873 
4.643184 
4.644464 
4.645932 
4.648191 
4.645415 
4.801698 
4.795312 
4.801388 
4.793025 
4.792469 
4.807561 

absolute relative 

0.008 0.182% 

0.025 0.539% 

0.025 0.539% 

Table 27: Results of MCPLXS - JI with NNMODEL 

residual 
0.001095 
0.007533 
0.007369 
0.001624 

-0.004952 
-0.007949 

-0.00271 
-0.008085 

-0.00585 
-0.006751 
-0.008046 
-0.010355 
-0.0.10355 
-0.012966 
-0.024306 

-0.02489 
..0.006726 
-0.006676 
-0.007355 
-0.012066 

-0.0 1403 
-0.008193 
-0.012891 
-0.002937 

-0.00607 
-0.004177 
-0.006171 
-0.009684 
-0.009915 
--0 .0074 I I 
-0.005994 
-0.003153 
-0.006465 
-0.006859 
-0.008327 
-0.010586 
-0.005646 
0.004344 
0.01 1506 

0.00543 
0.014549 
0.017957 
0.002865 

Perceptron to determine values of the complexity of the PRICE-Model) and this 

test is that other input parameters are used. 

As well as Precision other variables such as Length, Width, Depth and Weight are 

included. Platform, Maturity and Machinability are not applied as they remain the 

constant at J.7, 3 and 160 respectively. And so they cannot reveal any useful 

information to the network. 
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7 Multi-Layer Perceptron on real world data 
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Figure 52: Percent Contribution for MCPLXS - H of inputs 

7.4.2 Results 

For MCPLXS - H the network perfonns extremely well. Tab.le 27 hows that the 

relative mean error is only 0.182% (absolute R_MCPLXS - His 0.008). The 

maximum error is 0.539% (R_M PLXS - His 0.025). These results are better 

than those of chapter 5.2 . This is not really surprising because according to 

chapter 5.2 the Platform, Precision, Number of parts, Machinability, Maturity and 

Length determine MCPLXS. 

In this test most values are constant and only Length and Precision influence the 

complexity because the other input parameters (Width, Depth, Weight) are not 

considered in the mathematical calculation ofMCPLXS - H. As it has already 

been mentioned in chapter 7.4.l the material is not consid red as an input 

parameter since it is already built into the Macbinability factor. 

Figure 52 shows how much each input contributes to the output. The fifth input 

(Precision) and the first input (Length) detennine the output (MCPLXS - H) by 
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7 Multi-Layer Perceptron on real world data 

4,85 

4,8 

4,75 

::c 4,7 
' Cl) 

~ 4,65 n. 
u 
~ 

I 4,6 n. 

4,55 

4,5 • .. 
4,45 

4,45 4,5 4,55 4,6 4,65 

M_MCPLXS - H. 

Figure 53: measured versus predicted MCPLXS - H 

C 

4,7 4,75 4,8 

almost 80% and 20% respectively. The other variables have hardly any influence 

on the output at all. With only two main variables in the formula the emulated 

equation becomes much simpler than the one mentioned in chapter 5.2. Therefore 

the error of the neural net becomes sma11er. 

Another reason for Jiaving a better perfonnance than in chapter 5.2 is that the 

detennined complexities are very similar. Figure 53 shows that there a.re three 

clusters of the complexities which are used for the training. Since the values for 

MCPLXS - H can only be located within one of these dusters and because the 

neural net can concentrate on these very limited areas the perf onnance within 

these ranges will be particularly good. TI1erefore it is very likely that the error 

within these clusters is lower than the error of a neural network where the data is 

evenly spread as it is in chapter 5.2. 

The performance of the second neural net where the manufacturing complexity 

with ho gout (MCPLXS + H) is determined is not as good as the one for M PLXS 

- H. Table 28 shows that the relative mean error is 2. J 34% (absolute R_M PLXS 

-H is 0.1 l I). The maximum error is 14.106% (R_M PLXS - His 0.688). 
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7 Multi-Layer Perceptron on real world data 

MCPLXS - H. 

measllJ'Cd 

PMCPLXS- H 

redicted 

RMCPLXS - H 

residua 
4.877653 
4.967021 
5.096413 
5.096413 
5.122374 
5. 139028 
5.153623 
5.153623 
5.19473 1 
5.196255 
5.22582 1 
5.293569 
5.300866 
5.301 689 

5.33533 
5.345608 

5.37662 
5.459341 
5.475374 
5.510218 
5.510218 
5.5520 18 
5.576919 
5.584393 
5.611 226 

Mean ErrorofMCPLXS + H 

relative max. Error ofMCPLXS + H 

absolute max. Etror of MCPLXS + H 

5.565707 
5.027063 
5.253608 
5.275098 
5. 136372 
5.11 8254 
5.134869 

5.14037 
5.216723 
5.320769 
5.3216 1 I 
5.4 13007 
5.454292 
5.443969 

5.46706 
5.44223 

5.505005 
5.500938 
5.608595 
5.570004 

5.57091 
5.6 14224 
5.6 16629 
5.654266 
5.469 125 

absolute relative 

0.111 2.134% 

0.688 14.106% 

0.688 14.106% 

Table 28: Results of MCPLXS + H with NNMODEL 

-0.688055 
-0.060042 
-0.1 57 195 
-0.1 78685 
-0.0 13998 
0.020774 
0.018754 
0.013253 

-0,02 1992 
-0.1245 14 

-0.09579 
-0. 11 9438 
-0.153426 

-0. 14228 
-0. 13 173 

-0.096622 
-0.128385 
-0.041 597 
-0. 133221 
-0 .059786 
-0.060692 
-0.062206 

-0.03971 
-0.069873 
0.142 101 

Compared with the results of chapter 5.2 this error is still acceptable. Possible 

reasons for this slightly lower performance are: 

1. The emulated formula is more complex because another influencing parameter 

has to be considered (Hogout). The formula in chapter 7.3 shows the influence 

of the ho gout and Figure 54 indicates that the bogout influences MCPLXS + H 

by almost 30%. Actually the absolute or relative ho gout is not directly 

implemented as input parameter. 'The wei gbt of the finished item has been used 

instead because by calculating the raw weight with the help of the climensions 

(length, width and depth) and subtracting the weight of the finished item the 

hogout can be calculated. Since weight and bogout are extremely dependent on 

each other the neural net can go witl1out one of these values. As for the 

determination of MCPLXS - H Length and Precision are the other main inputs. 
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Figure 54: Percent Contribution for MCPLXS + H of inputs 

2. Compared to M PLXS - H the present complexities are more evenly spread 

within their data range (see Figure 55). Tbjs makes it more rufficult for the 

neural net to train well because it can not concentrate on particular clusters. 

Figure 55 represents graphicaJly the predicted and measured data for M PLXS + 

H in Table 28 and it can be seen that the first pair is an outlier. 

The NNModel greatly overestimates the complexity for thls data-set because the 

corresponding Length is set to 3050 which is very long compared to the other 

values which all lie between 70 and 1110. Since the neural net is quite sensitive to 

Length an "overreaction" is quite understandable. If the outlier is neglected the 

relative mean error drops to 1.57% and the maximum error is only 3.506%. This 

result is very comparable to chapter 5 .2 . 

Jn the training data some data-sets can occur several times (see Table 25 and 

Table 26). Therefore they have the same calculated complexity (MCPLXS + H 

and MCPLXS - H). This redundant infonnation hardly affects the training or 

perfonnance of the neural net becau e these data-sets are simply trained more 

often than those which occur only once. Data-set no. 16 and no. 32 (see Tabl 25) 
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7 Multi-Layer Perceptron on real world data 
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Figure 55: measured versus predicted MCPLXS + H 

have identical MCPLXS + H and MCPLXS - H but different input parameters. 

They are treated as different data-sets and do not disturb the training. 

According to Table 29 for MCPLXS - cal the relative mean error is 7.972% 

(absolute R_MCPLXS - His 0.406). The maximum error is 21.518%. Figure 56 

displays the contribution of each input variable for the output. It is surprising that 

the ho gout is not the main variable for the determination of the MCPLXS - cal. 

Th.e Length has a slightly higher influence on the network. Also the contributions 

for MCPLXS - cal are very similar to the contributions for MCPLXS + H. This 

can be interpreted as a first hint tlrnt the equation applied in PRI E represents the 

influence of each CER reasonably well. 

Considering that these values do not originate from a mathematical function the 

networks performance is not too bad. Now the question arises, if this network bas 

a better performance than MCPLXS + H and whether it should be used instead of 

the PRICE model. To answer this question all MCPLXS + H are compared with 

their corresponding MCPLXS - cal The results can be seen in Tabl 30. A relative 

mean error of only 7.591 % (absolute R_MCPLXS - His 0.402) and a maximum 

error of 24.867% shows that the performance of the neural network and th 

PRICE-model is almost identical. The next section will give a closer insight into 

the error of both types of models. 
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7 Multi-Layer Perceptron on real world data 

MCPLXS - cal MCPLXS-cnl MCPLXS - cal 

measured 
4.098 
4.374 
4.542 
4.542 
4.6 19 
4.683 
4.796 
4.939 
4.939 
4.944 
4.948 
4.958 
4.958 
4.969 
4.973 
4.975 
4.975 
5.005 
5.005 
5.018 
5.015 
5:14) 
S.141 
5.212 
5.238 
5.275 
5.275 
5.278 
5.298 
5.337 
S.371 
S.371 
5.417 
5.428 

5.65 
5.699 
5.801 
S.801 
5.818 
5.903 
5.979 
6. 167 
6.339 
6.477 
6.712 
6.712 

Mean Error of MCPLXS - cal 

relative max. Error ofMCPLXS - cal 

absolute max. Error of MCPLXS - cal 

i ·dieted 
4.787564 
5.3 15212 
5.319787 
5.383671 
5.152577 
4.563971 
5.209992 
4.888626 
5.012149 
5.682 167 
5.4 14205 
5.056367 
S.202079 
5.164799 
5. 187041 
S.331419 
S.404494 
5.268828 
5.290088 
6.096589 
5.272663 
4.934148 
S.046308 
5.58 1754 
5.423 175 
4.895454 
5.918465 
5.236977 
6.079223 
5.296 154 
5.199326 
5.391 578 
5.370216 
6. 137373 

5.53475 
5.96587 1 
6.2611792 
6.2611163 
6.11 0426 
6.075809 
4.831769 
5.70 1985 
5.483844 
5.263063 
6.194928 

6.24968 

absolute relative 

0.406 7.927% 

0.941 21.518% 

1.214 18.742% 

Table 29: Results ofMCPLXS- cal with NNMODEL 

res·dun 
-0.689564 
-0.94 1212 
-0.777787 
-0.841671 
-0.533577 

0.11903 
-0.4 13992 
0.050374 

-0.073149 
-0.738 167 
-0.466205 
-0.098367 
-0.244079 
-0 .. 195199 
-0.214041 
-0.356419 
-11 .429494 
-0.2638211 
-0.285088 
- l.078588 
-0.197663 
0.206851 
11.094692 

-0.369754 
-0.185175 
0.379546 

-0.643465 
0.04 1023 

-0.781223 
0.040846 
0.171674 

~1.020578 
0.046783 

-0.709373 
0.11 525 

-0.266871 
-0.459792 
-0.460063 
-0.292426 

-0.17281 
1.1472.1 I 
0.465014 
0.855 1 6 
l.213937 
0.517072 

0.46232 

It will be the task of the following sections to develop a neural net that beats the 

results of Table 30. Therefore the influence of each input parameter on the output 

and other dependencies will be cliscussed later. 
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Figure 56: Percent Contribution for MCPLXS- cal of inputs 

lt should be mentioned that different inputs result in the same output of M PLXS 

- cal, namely 5.275, 5.413, 5.428 and 5.801. But in this randomly chosen test only 

for M_MCPLXS - cal = 5.275 two different data-sets have been used (for any 

other identical M_MCPLXS the same data-set has been applied). Compared to the 

other complexhies for this value the two P _MCPLXS are very different (0.379546 

and -0.643465). Because the neural net has very different results for these two 

data-sets it can be assumed that two different inputs have been used which in fact 

is the case. 

7.4.3 Errors 

Although the errors for the complexity values of the PRJ E-model (M PLXS + 

H) and those of the neural network are almost identical th.ere are still significant 

differences. Figure 57 shows how the error of both models is distributed. The x­

axis djsplays the ajmed values for both models (MCPLXS - cal) while the output 

of each corresponding MCPLXS - cal can be seen from the y-axis. If the output 

would be equal to the aimed value the dot would be located on the 45° Jin . Points 

above this line represent overestimates and points below this line represent 

underestimates by the models. 
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relative absolute 

Mean Error 0.402 7.591 % 

relative max. Error l .314 24.867% 

absolute max. Error 1.314 24.867% 

Table 30: Results ofMCPLXS +Hin comparison to MCPLXS - cal 

Tn Figure 57 it can be seen that NNModel quite evenly over- and underestimates 

its complexities over the complete data range. The PRICE-model on the other 

hand overestimates all complexities below 5.1 and underestimates all complexities 

above 5.5. MCPLXS + H shows some kind of inert reaction for high or low 

complexities while NNModel reacts quite flexibly. Again the following chapters 

will give a closer insight about the distribution of the errors and the influence of 

each input parameter on the output. 

7.4.4 Conclusion 

Again in this chapter a neural network was able of representing a mathematical 

equation for MCPLXS. For the detennination ofMCPLXS - cal which is not 

based on an equation the results were not as good as for MCPLXS - H and 

MCPLXS + H but still the neural net has acbjeved a quality that is comparable to 

a mathematical model that is currently used by DASA. 

S.ince the neural network of this test is almost equivalent to the network that has 

been used in chapter 5. l (The software NNMODEL) the question occurred, 

whether a different set-up of the model could improve the results. TI1erefore the 

author experimented with some different set-ups in order to observe any changes 

affecting the performance of the network. But no sigruficant improvement of the 

model could be reached. 

By looking at the influence of the input parameters on the output and other 

dependencies within the data and by considering the distribution of the errors it 

will be the task of the following sections to develop a neural net that exceeds the 

quality of the PRICE-model. 
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7.5 Test 1 for the Hogout problem 

7.5.1 Preparation 

■ 

• 
• 

6 

As in to Test 1 ( chapter 6.2) a fully connected network with 5 neurons in the 

hidden layer was established. About 10% of the data was randomly excluded to 

test the performance of the neural models and again 5 networks were created to 

gather sufficient testing data. 

7.5.2 Results 

Table 31 shows the performance of the networks for the determination of 

MCPLXS - H. A relative mean error of0.156% and a maximum error of 0.670% 

shows that Qnet performs almost equivalently to NNModel. Again the reason for 

this almost perfect emulation is the mathematical equation on which MCPLXS -

His based (see chapter 5.2). 
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Mean Error 

Relative max. Error 

Absolute max. Error 

relative absolute 

0.007 0.156% 

0.030 0.670% 

0.030 0.670% 

Table 31: Results ofMCPLXS- H with Qnet in Test 1 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.048 0.931 % 

0.158 3.322% 

0.158 3.322% 

Table 32: Results ofMCPLXS + H with Qnet in Test 1 

relative absolute 

M.ean En-or 

relative max. Error 

absolute max. Error 

0.447 9.051 % 

1.396 31.914% 

l .494 23.070% 

Table 33: Results ofMCPLXS- cal with Qnet .in Test 1 

Table 32 shows the performance of the networks for the determination of 

MCPLXS + H. With a relative error of 0.93 1 % and a maximum error 3.322% 

Qnet performs much better than NNModel. The reason for this is probably the 

Learn Rate Control (see chapter 6. I .4) because this feature helps the network to 

converge faster, and the learning was stopped after 10,000 iterations for both 

software packages. 

The results are not graphlcally displayed because the figures for M PLXS - Has 

well as for MCPLXS + H would be very similar to the previous chapter except 

that due to a better adaptation the dots for MCPLXS + H will be located a little bit 

closer to the 45° line. 

With an error of 9.051 % and a maximum error of 3 I .914% the results of 

MCPLXS - cal are not as good as in the previous chapter (see Table 33). During a 

repetition of the training it was very striking that the error steadily declines at the 

beginning of the training but after about 3,000 learning steps the error of the test 

set begins to increase while the error of the training set continues its decrease. 

179 



7 Multi-Layer Perceptron on real world data 

' ' . . ' ,;. 0,14, 
J\ 

- ------- - -- -- --- - - -- _ ._ __ - - - -- - - ------- --- ----'---- -- ------ - -- --- -- -- - J •• - ------ - - -- - ---- - - -- - "---- - -- ------- - - -- --- -

M 
s 

E ., 
' .I) . ' 
r 0.12 -------- --- ----------}--- --- -----------------:------ ----- · ·····-----:- -------· ······-·······i-··· · ····------- ------. ' 

' ' . . . . . . 

6000 80QO, 

Figure 58: Error of Testh1g data versus learning steps 

Figure 58 graphically displays the course of the Root-Mean-Square e1Tor (RMS) 

for the complete training of the test set. 

After a rapid decrease down to about 11 % a continuous increase up to about 14% 

can be observed. The number (14%) does not conform with the calculated mean 

error of 9.051 % in Table 33. The reason for tbis is that the formula to calculate 

RMS in Qnet software is different from the formula that is applied in chapter 5.2. 

To make a comparison between the results of different software programs and 

tests possible, the errors are manually calculated according to the formula in 

chapter 5.2. 

Even though the numbers are not identical it can be recognised by the cours of 

the error graphs that overtraining took place (see chapter 6. l .5 on Leaming 

Modes). To determine the perfonnance of this test before overtraining occurred 

those weights for the neural net were chosen when the test e1Tor has reached its 

minimum during the training process. 

With this adjustment the mean error could be further decreased by almost l % 

down to 8.355%. Now the perfonnance seen in chapter 7.4.2 (mean error of 
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7.927%) has almost been achieved which is not necessarily satisfying because 

according to the tests for MCPLXS - H and MCPLXS + I-I a better perfonnance 

could be expected. 

7.5.3 Conclusion 

Because of the excellent results for MCPLXS - H and MCPLXS + H a further 

optimisation of the networks is not necessary. But to ensure a comparability 

between the chapters these complexities will be further trained with the following 

types of networks. Initially the performance of this neural net was lower for 

MCPLSX - cal. But if overtraining is considered a quality level which is 

comparable to the results in the previous chapter could be reached. It will be the 

task of the work reported in the following sections to improve this quality. 

7.6 Test 2 for the Hogout problem 

For the determination of the costs in Test 2 (see chapter 6.3) some adaptations of 

Test 1 were made. Due to the very steep course of the function and the widely 

spread data range some data-sets have been ignored and the outputs have been 

logarithmically transformed. 

Since the outputs of the present data-set are not widely spread there is no need to 

perform an adaptation of the data as was necessary in Test 2 of chapter 6.3 and 

therefore this test will be skipped. 

7. 7 Test 3 for the Hogout problem 

7.7.1 Preparation 

In order to use the maximum normalisation range [O; I] in this test the data will be 

normalised according to chapter 6.4.1. To avoid adulteration by overtraining the 

neural networks are trained until a local minimum for the RMS-Error ofth test 
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sets bas been found (see chapter 6.1.5). In some cases the number of leamjng 

cycles can exceed the previous applied I 0,000 leammg steps. 

When a local mjnimum was found the weights of the neural net are followed back 

to the stage when the local minimum has been reached in order to achieve optimal 

estimating conrutions. This procedure is only applied for MCPLXS - cal because 

in most cases the error of the other complexities steadily declines during the 

training phase. 

Overtraining could be recognised for MCPLXS - H and MCPLXS + H in only 

very few cases. Because the errors of these complexities are is so small these 

variations are not analysed further and therefore the training will be aborted after 

10,000 learning steps. 

7.7.2 Results 

Table 34 shows the performance of the networks for the determination of 

MCPLXS - H. A relative mean error of 0.193% and a maximum error of 3.658% 

shows that this test performs less well as the previous test but the results are quite 

sirilar. An investigation of the data material revealed that data set no. 114 (see 

Table 26) again showed the maximum error. Due to its particularly large length 

(3050) which, as already mentioned, has a high influence on the output of the 

network, the output for this data set was considerably overestimated by the neural 

network. This value was already acknowledged in chapter 7.4.2 as an outlier for 

the determination of MCPLXS + H. If this value was removed out of the test set 

the relative mean error would drop to 0.116% which is less than for Test I. 

Table 35 shows the performance of the networks for the determination of 

MCPLXS + H. With a relative error of 0.848% and a maximum error 3.309% the 

results are slightly better than in Test I. Indeed this improvement does not 

necessarily have to be the result of a better normalisation method. Every test set 

bas been chosen randomly and therefore m1nor differences are expected. This also 

applies for the determination ofMCPLSX - H. The statistical outlier should b 

mentioned here because this value was not part of the test set in Test I . 
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relative absolute 

Mean Error 0.009 0.193% 

relative max. Error 0.157 3.658% 

absolute max. Error 0.1 57 3.658% 

Table 34: Results ofMCPLXS - H with Qnet in Test 3 

Mean Error 

relative max. Error 

absolute max. Error 

relative absolute 

0.043 0.848% 

0. 157 3.309% 

0.157 3.309% 

Table 35: Results ofMCPLXS + H with Qnet in Test 3 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.408 7.970% 

1.009 20.03 1% 

1.132 17.749% 

Table 36: Results ofMCPLXS- cal with Qnet in Test 3 

Generally it can be said that for both complexities the results from the neural nets 

are so satisfactory that a measurable improvement of these nets can be misleading 

because this may derive from a different set of test results originating from 

different test sets. 

After the elimination of overtraining M PLSX - cal has a mean error 7.970% and 

a maximum error of 20.03 1 % (see Table 36 ). ompared to Test l this result has 

improved by more than J %. But again the random choice of test sets can make th 

small differences spurious. 

7.7.3 Conclusion 

No absolute statements can be made about the network when there are min r 

differences in the mean, relative and absolute errors still the set-up of the neural 

network seems to be better because two out of three nets improved the results 

whjle the third net stayed almost constant. Accorrung to the explanations of 
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section 6.3.2.5 this improvement could be expected because a normalisation 

within the maximum range [0; 1] makes a distinction between the data samples 

easier and consequently the neural net can more precisely assign the 

corresponding complexity. 

It is quite strikjng that a neural net tends to larger errors for data sets that are 

located in marginal segments of the normalisation range. This already has been 

mentioned for MCPLXS - H. But for MCPLXS + H the maximum error occurred 

for data set no. 13 in Table 25 because width and thickness were particularly 

small (normalised values = 0). Again for MCPLXS - cal the maximum error was 

achieved by data sample no. 114 (length = 3050). 

To allow a comparison between the tests in the following chapters the training and 

testing data of this test will be applied. 

7.8 Test 4 for the Hogout problem 

In Test 4 of chapter 6 the input values were normalised in such a manner that the 

functional relationship between inputs and outputs becomes as simple as possible. 

To do so the functional relationship between each single variable and the output 

had to be determjned by keeping all other variables constant while the input 

parameter that is being looked at is modified and its influence on the output is 

examined (see chapter 6.5. 1 ). This procedure is only applicable if sufficient data 

records are present which in this example unfortunately is not the case. 

Even if many samples were present this procedure still cannot be used on real 

world data because it can not be assumed that a functional relationship which has 

been determined for a special combination of other fixed input parameters will 

remain the same if another set of fixed input parameters is chosen. For a more 

detailed explanation see chapter 6.5.3. Therefore this test can not be applied in 

this example. 
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7.9 Test 5 for the Hogout problem 

Th.e aim in Test 5 of chapter 6 was not to improve the results of the previous 

chapter but rather to find another explanation for the relative high error of the 

networks. Since the data was not randomly distributed and only specific 

combinations of input parameters were available it became impossible for the 

neural net to determine a functional relationship between these parameters (see 

chapter 6.6.3 ). 

In the present case insufficient samples exist to determine any patterns in the 

combinations of parameters. Therefore this test cannot be applied in this example. 

7.10 Test 6 for the Hogout problem 

7.10.1 Preparation 

As in chapter 6. 7 the data is trained in such a manner that the training values are 

spread evenly over the complete hyper space to make a distinction between 

different values as easy as possible. The determination of a functional relationship 

is replaced by the investigation of similarities between the components. Therefore 

the following normalisation rule is applied: 

5. Detennine the maximum and minimum value of a variable 

6. Determine the number of different values for this variable 

7. The minimum value is set to 0 and the maximum value set to 1 

8. The normalised distance between each group of values is calculated as: 

normalised distance = 1/(amount of different values - 1) 

7.10.2 Results 

According to Table 37 the relative mean error ofMCPLXS - H. is 0.170% and 

the maximum error is 1.256%. Again a slight improvement has been achieved 

compared to the previous chapter. Even though the same testing data has now 
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Mean Error 

relative max. Error 

absolute max. Error 

relati e absolute 

0.008 0.170% 

0.054 1.256% 

0.054 1.256% 

Table 37: Results of MCPLXS - H. with Qnet in Test 6 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.040 0.821 % 

0. 191 3.868% 

0. 191 3.868% 

Table 38: Results ofMCPLXS + H with Qnet in Test 6 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.36 8.281 % 

2.187 49.880% 

2. 187 49.880% 

Table 39: Results ofMCPLXS - cal with Qnet in Test 6 

been used in order to al low a better comparability between the tests, again it 

cannot be stated for sure that this improvement bas been achieved by a bett r 

nonnalisation method. Since the improvement is so little and because the errors 

are so small these slight differences might originate from the fact that the initial 

weights before the training phase are chosen randomly. As a cons quence the 

learning curves of the network are different from each other and therefore the 

perfonnance of each network can again b diffi rent. 

If you took at the results of M PLXS + Hin Table 38 the performance has been 

improved again for the mean error (0.82 1 %). Compar d to Test 3 the maximum 

error went up slightly to 3.868%. Since the mean error can be ascribed a high r 

importance than the maximum error which refers to one value only while th 

mean error is a characteristic of the complete database the author dares to affirm 

that an improvement of the networks results has been achieved. 

It is striking that the data set with the maximum error for MCPLXS + H (set 13 in 

Table 25) is the same as in chapter 7.7 (Test 3 for the Hogout problem). h 
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nonnalised values of this data set are O for width and thickness because their 

values are the lowest in the database. Because its length is quite small too, it is not 

surprising that such outliers lead to extremely high errors if they are excluded 

from the training set and consequently included in the test set. 

After the elimination of overtraining MCPLXS - cal bas a mean error of 8.28 1 % 

and a maximum error of 49.880% (Table 39). At first sight this result appears to 

be worse than the result in Test 3 for the Ragout problem in section 7.7 but the 

only reason for an increasing mean error is one extreme high maximum error for 

data set no. 1. If this value is erased from the test set the mean en-or drops by 

almost 1% to 7.356% and this test then also achieves better results than Test 3. 

The following section will give a cJoser insight into those data sets which lead the 

network to extreme errors and at the same time the behaviour of neural networks 

will be further discussed. 

7.10.3 Errors 

This section will inspect those data sets which lead to particularly high errors. 

Test 3 and Test 6 are compared. Furtbennore the error for MCPLXS - cal will be 

ilJustrated in more detail. 

The most conspicuous data set is no. 114 which is responsible for the maximum 

error in both tests for MCPLXS - Hand in Test 3 for MCPLXS - cal. The output 

of this data set is also among the highest errors for the other three test series 

namely, MCPLXS +H in Test 3 and Test 6 and MCPLXS - cal in Test 6. 

As already mentioned in chapter 7.4.2 tl1e reason for this is its exeptional length. 

Because in all samples the corresponding complexity was overestimated it can be 

assumed that according to the neural net an increase of Length of a component 

leads to an increased complexity. This link agrees with the classical model for the 

determination of the complexity according to the formula in chapter 5.2. because 

if Length exceeds 1 then a value for Z which depends on the actual Length is 

added to MCPLXS. Although PRICE partly uses different input parameters there 
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are still similarities regarding the influence of Length on the complexity which 

lead to the conclusion that the neural network behaves correctly. 

A large overestimate is not surprising if you consider that the neural net has been 

trained with conventional lengths between 70 and 1100 and it learned to react 

very sensitively on any changes of the length. 

The other outliers are not as striking as data set no. 114. They appear only 

sporadically and do not occur for all complexities in all tests. They all have in 

common that at least one of their normalised values is either O or l and therefore 

these data sets are located in the boundaries of the data and easily become outUers 

if they are excluded from the training set. 

If you look at the contribution of inputs for MCPLXS - cal and MCPLXS + H 

(see Figure 56 on page 77 and Figure 54 on page 77) you cannot only see that 

Length significantly influences the complexity but also that the contributions of 

the inputs for both complexities are almost identical. There seem to be only minor 

differences between the equation that is applied at DASA (MCPLXS + H) and the 

real data. 

What are these minor differences between MCPLXS +Hand MCPLXS - cal? 

Section 7.5.3 mentions thatMCPLXS + H overestimates all complexities below 

5.1 and underestimates all complexities above 5.5 (see Figure 57 on page 77). 

This is because MCPLXS + H behaves somewhat lethargically. 

Broadly PRICE cal.culates the costs of a component by using a function of the 

product of weight and complexity: 

cost = MCPLXS * weight 

To specify values for MCPLXS - cal complexity values were derived from the 

real costs and weights of some components: 
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cost 
=---

weight 
MCPLXS 

For the applied samples the main part of the costs result from the milling process 

and therefore the total costs of a component increase as its weight decreases. An 

increasing enumerator (costs) and a decreasing denominator (weight) make 

MCPLXS grow exponentially. 

Replacing the costs with the formula for the consideration of the hogout in chapter 

7.3 

MCPLXS + H = target OP 
· weight 

= basicOPC +(basicOPC * hogout * K) KExr 

weight 

merely adds a correction value to the basic OP which depends on the hogout; K 

and KEXP are fixed values which remain constant for identical compon nts. The 

exponentiaJ increase of this function is not sufficient to keep up with the real 

growth of the complexity. Figure 57 on page 77 shows that the PRICE model has 

the tendency to underestimate particularly large complexities and vice versa. 

So far in all tests the ho gout of a component was represented by its weight. The 

raw weight can be calculated by multiplying the specified values Length, Width 

and Depth. The difference of raw weight and weight determmes th absolute 

hogout and with this the relative hogout can be calculated. Therefore additional 

information appeared to be redundant for a neural net. 

In chapter 6.5 it had b en demonstrated that it is advantageous to normalise the 

inputs in such a manner that the functional relationship between input and output 

becomes as simple as possible (ideally linear) because of fewer undulations in the 

en-or mountain this relationship can be more easily determined by the 

backpropagation algorithm. 

On the other hand the hogout plays a significant role for the determination of 

MCPLXS - cal and therefore the neural network should have the opportunity to 

set up a direct reference between absolute or relative bogout and compl xity, 

instead of having the extra burden to recognise a relationship betwe n the vol um 

of a component. 
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In the following test it will be investigated if and to which extent a neural network 

can improve its performance if the relative ho gout, the absolute ho gout and the 

raw weight are added to the input values. 

7.10.4 Conclusion 

It can be asserted that aU three types of networks of bis section lead to better 

results than those in chapter 7.7. Therefore it can be asserted that the 

nonnalisation method applied can lead to better results and that the improvement 

is not attributed to a fortunate random distribution of the weights at the start of the 

training. Even if this normalisation method only minimally improves the results 

the present neural networks achieved a qua.lity that already slightly exceeds the 

estimating method which is used at DASA (calculation of MCPLXS + H). While 

MCPLXS + H deviates from MCPLXS - cal by an average of 7.591 % (see Table 

30) in this test a mean error of 7 .356% has been achieved. 

7. 11 Test 7 for the Hogout problem 

7.11.1 Preparation 

In order to determine if the direct input of ho gout data can lead to better results in 

this test further columns are added to the input values. To give the neural net the 

opportunity to recognise a coherence between the dimensions of a component and 

its weight, the raw weight is added. Even though the raw weight and the weight of 

the component can be used to calculate the hogout, the absolute and the relative 

hogout are added as extra input values to the database. All records are manually 

normalised according to chapter 7.7 . 

7.11.2 Results 

Table 40 shows the performance oftl1e networks for the determination of 

MCPLXS - H. A relative mean error of 0.173% and a maximum error of 2.5 l 7 % 
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Mean Error 

relative max. Error 

absolute max. Error 

relative absolute 

0.008 0.173% 

0.110 2.517% 

0.110 2.517% 

Table 40: Results of MCPLXS - H. with Qnet in Test 7 

relative absolute 

Mean Error 0.039 0.748% 

relative max. Error 0.178 3.597% 

absolute max. Error 0.178 3.597% 

Table 41: Results ofMCPLXS + H with Qnet in Test 7 

relative absolute 

Mean Error 0.351 7.003% 

relative max. Error 0.835 17.815% 

absolute max. Error 0.864 13.549% 

Table 42: Results of MCPLXS- cal with Qnet in Test 7 

shows that this test performs only 0.02% better than test 3. This result could be 

expected since the additional input values do not reveal any further infonnation 

for the determination of MCPLXS - H because this complexity does not consider 

the hogout. Figure 59 supports this statement because it shows the contribution of 

each input variable for the output. Compared to Figure 52 in the first test in 

chapter 7.4 Length and Precision remain the main parameters which determfoe 

MCPLXS - H. All additional values hardly influence the networks output. 

Table 41 shows the perfonnance of the networks for the determination of 

MCPLXS + H. With a relative en-or of 0.748% and a maximum error 3.597% the 

results are 0.1 % better than in Test 3. In Figure 60 the contribution of each input 

variable for the output of this test is shown. Figure 54 on page 77 of chapter 7.4 

showed that the only variable that represents the hogout influenced the output of 

the neural net by almost 30%. In this example the hogout is repr sented by the 

raw weight, the weight of the finished component, the relative and the absolute 

hogout. These variables together determine the output by more than 50%. 
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Figure 59: Percent Contribution for MCPLXS - Hof inputs for Test 7 

Therefore it can be assumed that this extra consideration of the ho gout leads the 

neural network to better results. 

The statistical outlier ofthis test is data set no. 43 (see Table 25) because it has the 

lowest bogout (relative and absolute) and the lowest Precision (nom1alised values 

= O). Even though this maximum error is relatively small the extreme vaJues of 

data set no. 43 lead to the highest error for the determination ofMCPLXS + H. 

After the elimination of overtraining MCPLSX - cal bas a mean error 7.003% and 

a maximum error of 17.815% (see Table 42 ). Compared to Test 3 this result has 

improved by 1.276% and represents the best results of all tests for MCPLXS - cal. 

Toe contribution of the inputs for MCPLXS - cal (see Figure 61) has significantly 

changed compared to Figure 56 on page 77 in chapter 7.4. The Length lost about 

l0% of its importance and all dimensions together (Length, Width and Depth) 

contribute about 50% to the determination of the complexity. In Figure 56 the 

contribution is about 70%. Now the hogout parameters (weight and both types of 

bogout) influence the neural net by almost 40% while in chapter 7.4 the 
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Figure 60: Percent Contribution for MCPLXS + H of inputs for Test 7 

contribution comported only 15%. Therefore it can be said that the main 

contributions for MCPLXS - cal have been relocated towards the hogout. 

7.11.3 Conclusion 

10 

At the beginning of this test it was thought that the weight of a component might 

not be sufficient to consider the ho gout for the determination of the complexity. 

Although the other values (relative hogout, absolute ho gout and raw weight) could 

be derived by Length, Width, Depth and Weight they still have been added as 

extra input parameters in order to make the consideration of the ho gout as easy 

and clear as possible for the neural net. 

Although the weight is still among the most important input values the adrution of 

extra parameters seem to improve the consideration of the bogout and to meliorate 

the perfonnance of the neural nets. 
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Figure 61: Percent Contribution for MCPLXS- cal of inputs for Te t 7 

7.12 Test 8 for the Hogout problem 

7.12.1 Preparation 

The set up of Test 7 is identical to Test 3 except that further input parameters have 

been added. Test 6 slightly improved the results of Test 3 because the inputs have 

been normalised in such a manner that they were evenly distributed in the data 

space. Now the question is whether this nonnalisation method can also improve 

the results of Test 7. Therefore the new input parameters of Test 7 are normali ed 

according to chapter 7.10.1. 

7.12.2 Results 

Hardly any changes have been achieved for MCPLXS - H. and MCPLXS + H. 

According to Table 43 and Table 44 the relative mean error is 0.141% without 

bogout and 0.735% including hogout. The maximum error is 1.956% (4.133% for 

MCPLXS + H) and again one of the maximum rror is data set no. 114. 
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relati e absolute 

Mean Error 0.006 0.141 % 

relative max. Error 0.084 1.956% 

absolute max. Error 0.084 1.956% 

Table 43: Results ofMCPLXS - H with Qnet in Test 8 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.037 0.735% 

0. 196 4.133% 

0.196 4.133% 

Table 44: Results ofMCPLXS + H with Qnet in Test 8 

relative absolute 

Mean Error 

relative max. Error 

absolute max. Error 

0.304 6.347% 

0.796 17.232% 

0.796 17.232% 

Table 45: Results of MCPLXS - cal with Qnet in Te t 8 

Although some improvement has been achieved it must be considered that minor 

differences might originate from the fact that the initial weights before the training 

phase were chosen randomly. With this the learning of then tworks are diffi rent 

from each other and therefore the perfonnance of each network can be different 

again. Principally no absolute statem nts can be made for M PLXS - H and 

MCPLXS + H because their perfonnance has been almost p rfect within th last 

tests and because their changes were too small to come to any certain con lusions. 

This normalisation method definitely achieved the best results for M PLXS - cal 

because the mean error dropped down to 6.347% and the maximum rror is only 

17 .232% (see Table 45). An examination of th contribution of each input for the 

output shows that compared to the previous chapter again Length and Width lost 

some of their importance in favour of all ho gout parameters (see Figure 62). 

For MCPLXS - Hand M PLXS + H the contribution of the inputs is not 

displayed because it has hardly changed from th pr viou hapter sine th se 
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Figure 62: Percent Contribution for MCPLXS - cal of inputs for Test 8 

values are mathematically determined. Slight changes occur due to the fact that 

the normalisiation method has changed which might have a little distorting 

influence on the mathematical equation. 

7.12.3 Conclusion 

Agafa with this last test MCPLXS - cal could be slightly improved. By now the 

predictions of the neural nets are definitely better than the PRICE model. The 

following section will summarise the procedures described in this chapter which 

led the neural network to achieve its good results. 

7.13 Summary of all Tests 

Although Test 8 obtained the best results the overaJI improvement of alJ tests in 

chapter 7 is far from being as good as those in chapter 6 (Multi-Layer Perceptron 

to determine Costs). In chapter 7 the results could be improved by only about 3% 

whereas in chapter 6 the error bas been reduced by several orders of magnitude. 

On the other hand the initial error of th.is chapter was several orders lower than in 

chapter 6 which compensates this small progress. 
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Unfortunately the most important complexity, MCPLXS - cal has the hjghest 

error. The reason for this is that for this complexity no mathematically 

determinable function exists. It is not even sure if the applied input parameters are 

sufficient to determine MCPLXS - cal. Perhaps some extra infotmation might be 

required. 

Generally the results are satisfying because the error of MCPLXS - cal generated 

by the neural net compared against the original MCPLXS - cal was lower than 1he 

error ofMCPLXS + H compared against MCPLXS - cal. 

An aggravating circumstance of this chapter is that the amount of available data 

sets is very limited and so it became impossible to perform some statistical 

examinations which might have decreased the error oftbe neural nets. 

The general procedure of this chapter is analogous to chapter 6. After the 

implementation of NNModel the data was automatica11y nonnalised by Qnet. In 

order to use the maximum normalisation range in the next test inputs and outputs 

were manually normalised according to chapter 6.4. 1. In test 6 the data was 

normalised in such a manner that all inputs were evenly di tributed in the hyper 

space. Already in chapter 6.7 it was quite surprising that this kind of 

normalisation lead to the best results because any existing functional relationships 

between inputs and output are very likely to be blurred applying this 

normalisation method. But again in thjs chapter excellent results have b en 

achieved with this method although the data base and the functional r lationships 

are completely different. 

Because this normalisation method has not been mentioned in any published 

literature the author spoke with some experts in the field of neural n tworks in 

order to find their views.89 90 

89 Meeting between Prof. Dr. Bernd Bliimel and Gregor Sandhaus at Miirkische Fachbochschule 

Hagen, Hagen, on 24
th 

October 1997 at 16:00 pJn. 
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As well as the reasons set out in chapter 6.7 there is another reason for this good 

performance. The equal distribution of the data in the hyper space has the effect 

that the error mountain becomes generally flatter because the peaks of the 

mountains which are created by the clustering of data are now more widely 

spread. A flatter error landscape makes it easier for the backpropagation algorithm 

to find the minimum of the error function. 

A disadvantage of this nonnalisation method is that if simple mathematical 

relationships between input and output exist they will probably be destroyed or 

blurred. Another restriction is that all values need to be discreet. If these values 

are continuous this procedure becomes much more difficult because outputs 

which lie between the normalised values need to be renormalised by interpolation. 

Jn the tests of this th.esis the input values were treated as discrete values (although 

they are continuous) because only specific combinations of inputs exist and hence 

this nonnalisation method was applied. The output on the other band was treated 

as a continuous function because too many different numbers exist and 

consequently a "classical" normalisation method was applied. 

In conclusion it can be said that this nonnalisation method is definitely an 

interesting and favourable way to handle the data of this thesis and it is probably 

advantageous in many other cases but it cannot generally be used on data for the 

above mentioned reasons. It might be interesting to evaluate whether this 

procedure is also applicable for other types of networks e.g. Kohonen networks or 

K nearest neighbours. 

A closer examination of all tests that have been executed lead to the result that the 

hogout might not be sufficiently considered because the network would have to 

derive this value from the weight. In addition to that it was previously mentioned 

in chapter 6.5 that the functional relationships between input and output should be 

90 Telephone call between Stefan Miitschke at Siemens AG, Niiruberg, and Gregor Sandhaus on 5th 

of Febnuuy 1998 at. 12:30 p.m. 
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as simple as possible in order to obtain a flat error mountain so that the gradient 

descending method can quickly reach the global minimum of the error function. 

Therefore an additional test was performed in which further ho gout parameters 

were added. This test (7) was deliberately nonnalised according to chapter 7.7 in 

order to maintain the functional relationships. 

This additional hogout information obviously helped the neural network in the 

determination of the complexity because so far the best results were achieved. 

Finally this additional hogout information was also normalised according to 

chapter 7.10 (Test 6 for the Ho gout problem) and again the error bas been clearly 

decreased for MCPLXS - cal. It is very likely that the functional relationships 

between inputs and MCPLXS - cal are not that complex so that this 

unconventional normalisation method blurs the results because the lowest errors 

have been achieved with this normalisation method twice. But as already 

mentioned this method is probably not suitable for all kind of data. 
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8 Recapitulation and Discussion 

8. 1 Neural Networks 

Chapter 1 of this thesis gives a brief and short overview about neural networks. 

Different types of networks have been chosen in such a manner that the 

complexity of structure and learning algorithm increases with each chapter. This 

chapter ends with the description of some of the most frequently applied networks 

in the field of neuroscience (2.6.4 Multi-Layer Perceptron, 2.7. t The Hopfield 

Model and 2.8 Self-organizing Networks). 

Considerable attention bas been paid to mentioning all types of networks with 

their corresponding characteristics which might possibly play an important role 

within this thesis. At the beginning of this thesis the sp ctrum of neuro cience 

was already slightly larger than it has been mentioned in chapter 1 . And 

particularly within the last years many new types of networks and learning 

algorithms have been developed which have been applied in a growing range of 

uses. 

A closer view at these new developments shows that the main principles of neuro 

technology have not changed. Rather the networks have been significantly 

modified according to their conceptual formulations and tasks. The r ader of this 

thesis might understand why so many subtypes of networks and lea.ming 

algorithms exist because in some tests the significant modification of th.e 

"classical" model leads to excellent results (see Test 6 of chapter 6. 7 and chapter 

7. t O). Later sections of this chapter will give a clearer insight into these chang s. 

Regard.ing the set up of a neural network innumerable combinations regarding the 

network connections, transfer functions , learning algorithms, normalisation 

methods etc. exist. Therefore it is a very common problem to find the most 

suitable set up to analyse the given database. ven though some analytical 
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methods have been developed - e.g. to find the optimal number of lea.ming 

samples and hidden units (see chapter 6.1.2) - it is often very difficult to apply 

these models. For this reason many modelers rather find an appropriate neural 

network by trial and error and with years of experience this procedure becomes 

quite intuitive. 

Intuition can be quite appropriate in some mathematical areas. For example, to 

perform a non linear regression analysis (see chapter 4.1. l) the stati tician has to 

detect the underlying function by just looking at the data samples. Therefore 

intuition can be an acceptable way to find a neural network that is able to analyse 

the given data sufficiently. 

In chapter I the author decided not to give a more detailed description of each 

type of network or to name all types and subgroups of neural networks which 

have been mentioned in the literature because this would be too long and would 

not contribute to the ideas and problems of the following chapters. 

8.2 Cost estimating in project management 

The main objective of this thesis is the detennjnation of costs or complexities 

because they represent the bases of the PRICE model. If you investigate the 

competitors cost estimating software tools other output units for the penditur 

of projects can be found. One of the major implemented units is the time exposure 

(man-month). With the help of appropriate key of payment the rim exposur an 

lead to the costs of a project. For the software dev lopment the Lin s of ode 

(LoC) or function points are frequently used to calculate th.e costs of a software 

project. At Daimler Benz Aerospace Airbus the production time on milling 

machines is frequently used to compare metal components with each other. 

A general problem in the detennination of costs for components is that mu b 

information is available which cannot be quantified but still hav a significant 

influence on the costs. Essentially three information sources exist that can be us d 

for the determination of costs: production cost, cost centr and properti s of 

components. 

201 



8 Recapitulation and Discussion 

properties of component 

estimate 

production costs cost centre 

Figure 63: Cost Triangle 

In Figure 63 these sources are represented in a triangle because they influence 

each other strongly and therefore the cost estimator should look at them as a 

whole. 

The "properties of components" describes the general requirements that the 

component has to fulfil. They are mainly determined during the development or 

construction phase. These requirements can be subdivided for example into 

different levels of importance of the component. The component may be essential 

or it may be purely decorative. From this subdivision the technical requirem nts 

of the component can be derived and this may directly influence the costs. 

In the aerospace industry for example many reguJations have been developed that 

- depending on the components importance for air safety - specify to which extent 

a technical unit has to be tested and reviewed for surge immunity, tensile strength, 

resistance to shock etc. There ar also standards for the implemented material. To 

ensure safety for exampl.e an international. regulation is that recycled aluminium 

must not be used in the afrcraft construction. All regulations and standardisation 

have to be considered during the construction phase and therefore they have a 

significant influence on the later production costs of a component. 

'Ibe cost centre refers to all departments that are involved in the production 

process of the component. Not only do the average production rates of directly 

involved cost centres have to be considered, but also the overhead costs of 
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departments which service the production process as long as their input can 

directly be related to a component. 

A typical example for this in the aeroplane industry is the detailed documentation 

of units. In the eventual case of a malfunction of a technical unit the 

documentation can help to find the origin of the defectjve component. For some 

components the concomhant documentation is so precise, that even aeroplanes 

more than 20 years old when, in which lot, on which machine and unit and by 

which labourer can be traced. 

Thfa trace allows faults on other planes where the same failure has not yet 

occurred to be found and further malfunctions can be prevented, thereby 

improving air safety. This documentation process can be very costly and although 

it has nothing to do with the production itself its expense should be considered in 

the cost estimate. 

Other cost centres which have a indirect influence on the costs of a component are 

manufacturing control, incoming product control and quality control. For quality 

assurance reasons components are tested to their ultimate limits. 

The production costs cover all expenses that are directly involved in the 

production process. Depending on the machine used and on the production 

process these costs can vary significantly. For this type of costs testing 

components and the factory r~iects should be included in the estimate. 

These three infonnation sources for cost estimates can be visualised in an 

influence triangle. For example, if during the design phase of a component the 

technical requirements turn out to be extremely high then it is very likely that 

more cost centres will be involved in the production process, e.g. quality 

assurance and manufacturing control. A high technical standard and the necessity 

to manufacture testing components usually rises the production costs, too. 

One typical problem in collecting information for the cost estimate is that one 

source is usually not sufficient to gather enough data and therefore other sources 
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need to be looked at, too. On the other hand if aJl sources of information are 

considered then a variety of classification numbers would be at the estimators 

disposal, i. e. technical requirements, involved cost centres, production costs. 

Then the question would be how these different types of classification numbers 

could be summarised into one result of the cost estimate. 

Generally neural networks can be very suitable for this information processing. Jf 

sufficient data material is available for each source of information an individual 

network could be created and their results could be summarised into another 

neural net to retrieve the final cost estimate. One major advantage of neural 

networks is their flexibility regarding their implementation because they are not 

limited on one predefined equation. They rather represent a database and th.erefore 

any kind of summarisation is imaginable as long as it is conclusive. 

8.3 The Idea 

One advantage of neural networks is that any output unit can be determined by the 

neural network. In addition to that a combination of outputs can be generated. For 

example complexity and costs could be calculated at once although t11ey are 

independent of each other and providing that all essential input parameters and 

sufficient data samples are available. For the present data material of this thesis 

the combination of these outputs was not proposed because during the calculation 

of costs in chapter 6 already considered deviations due to the recombination oftlle 

input values. If further inputs had been applied in order to calculate another output 

simultaneously the network would probably have been more confused. 

Since neural networks are not restricted to a fixed number of inputs and outputs 

they can be applied for the cost estimation in almost any enterprise of almost any 

line of business whereas many cost estimating tools are limited to a certain 

business, industry or application. 

Each cost estimating tool is based on its individual cost function and only with the 

help of some calibration tools can this functfon be adapted to the cost structure of 

an individual enterprise. PRICE, for example, uses the Maturity paramet r to 
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calibrate the model according to a company's effectiveness. Neural networks on 

the other hand are not based on any predetennined function . Their estimates are 

simply based on the data of the company that they have been trained on 

beforehand. The advantage of this procedure is that no existing function has to be 

adapted but that the function is created according to the company's data. 

With neural networks the combination of input and output parameters can be 

changed; more parameters can be added and non-influencing parameters can be 

dropped until a sufficiently precise estimate has been achieved. Other cost 

estimating tools are limited to their detennined parameters. 

The continuous addition of new data and an iterative training of the network helps 

the network adapt to changes of the cost structure which occur over time. It also 

helps to indicate that the applied parameters might not be approptiate any longer 

to perform a precise cost estimate and that other input parameters may have to be 

found. 

One of the major disadvantages is the need to train the neural network with as 

many data samples as possible. Even a large scal.e enterprise like Daimler Benz 

Aerospace Airbus which bas many excellent computer networks and much 

digitised information at its disposal could only obtain a very few data samples 

which contained real cost information. The main problem for DASA was to 

reduce all accessible data to a very few significant input parameters. For the 

selection of ho gout components the following has been considered:91 

• All components have been manufactured on similar mming-machines (single­

spindle-milling-macbine) in order to be based on similar production costs. 

• All components are made of the same aluminium. Therefore it can be assumed 

that for a similar geometry the same tools (rotary grinders) and rotating and 

progressing speeds will be used. 

• A]l components have been manufactured during the same pe1iod ohime in 

order to have similar economic conditions. 

91 see chapter 7.3 Hogout Problem 
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• For all components identical lot sizes have been produced in order to keep the 

costs for tool changes constant. 

More input parameters could have been used ( e.g. type of milling machine, 

different materials, time periods and lot sizes) in order to provide more training 

data. On the other band this wide spectrum of inputs leads to the necessity to use 

many more data samples in order to achieve a sufficient representation of the cost 

relationships because then many more combinations of inputs might exist which 

lead to the same output. 

Or, to rephrase this statement: to represent a hyperplane of a two-dimensional 

room (i.e. straight line) at least two points (i.e. data sets) are necessary. To 

represent a hyperplane of a three-dimensional room (i.e. flat plane) at least three 

points are necessary. 

If more input parameters are added the more data samples are necessary and the 

more dimensions the function will have, which have to be represented by the 

neural network. This increase of data and dimensions, rapidly slows down the 

learning process of the net and the required time to train the net increases 

exponential1y. Therefore the general rule is to use only necessary input data. 

Another disadvantage of the use of neural networks is that some variables are 

difficult to express in numerical values. For example in chapter 6.2 (Test l) the 

implementation of the beginning (PSTAR1) and the end (PEND) was not 

adequate to represent the duration of the project. And it could be even more 

difficult to find numerical values for other input parameters (e.g. type of milling 

machine or different materials) that are able to develop a reasonable functional 

relationship between inputs and outputs. This disadvantage leads to another 

problem which especially affects the backpropagation learning algorithm. 

During the backpropagation algorithm the error of the network is minjmised with 

the gradient descending method. The problem of this procedure is that it is likely 

that only a local minimum is found and that the error remains quite high. bapter 

6.5 (Test 4) describes this problem more thoroughly. In order to avoid this 
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problem the data material should be prepared so that as few local minima as 

possible exist in the error function . 

This can be achieved by normalising the data in such a manner that the ftinctional 

relationship between each input and output becomes linear. A prerequisite of this 

nonnalisation is that a detailed statistical analysis has been performed with the 

data material to detect the functional relationships. But the execution of a 

statistical analysis is exactly what should be substituted by artificial intelligence. 

Earlier the cost drivers have been analysed regarding their functional coherence to 

the costs (CER) and then a mathematical equation bas been develop d and this 

equation was used for the cost estimation in project management. The new 

alternative would be to determine the functional relationships between cost drivers 

and costs in order to obtain a linear function between input and output by 

normalising the data and then to train a neural network. 

TI1e effort for both models looks the same and the idea of using an artificial 

intelligence which autonomously detects any functional relationships for the cost 

estimator does not seem to be realisable. Things are not a bad as this suggests 

and the following paragraphs explain why. 

Neural networks are definitely able to represent non linear fLmctions because in all 

tests of chapter 7 outstanding results have been achieved for MCPLX - H and 

MCPLXS + H and the equation on which these outputs are based on, is far from 

being linear (see chapter 5.3). One important reason for the very poor results of 

chapter 6 (Multi-Layer Perceptron to determine Costs) is that there may be steps 

within the function, and the distribution of the data samples on which the 

networks have b en trained. 

hapter 7 (Multi-Layer Perceptron on real world data) proves that artifi ial 

intelligence can lead to better r sults than the classical cost stimation m thod. To 

consider the bogout sufficiently PRICE introduced a correction fa tor which 

tended to overestimate small complexities and to underestimate larg 

complexities. The neural networks wer able to furth r reduce the error without 
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performing complicated statistical investigations and it is very unlikely that a 

linear relationship between input and output exists because MCPLXS - cal is not 

based on any known function. Due to the lack of enough data samples these 

analyses could not further be executed. 

8.4 The potential for future work 

In this thesis only the Multi-Layer Perceptron with the Backpropagation algorithm 

has been used to emulate any given cost function . The choice of this type of 

neural net with the corresponding learning method is very obvious for trus 

particular conceptual task. Backpropagation is mainly used for the detennination 

of functions because it uses the gradient descending method and it is assumed that 

cardinal data exists and that for each input a definite output is assigned. From this 

population a representative sample is drawn to train the neural network. If during 

the testing phase an input is applied which is different from the training data then 

the neural network calculates an output which lies in-between those data samples. 

This way an output can be created for each input. 

The backpropagation algorithm aims to find a continual function through the 

points on which it has been trained. In many tests of this thesis the error was quite 

high as this function did not exactly represent the data. Therefore in Test 4 

(chapter 6.5) a method has been developed that departed from the basic idea of 

representing a continuous function. Instead each training vector is treated a a 

unique pattern with its individual output (i. e. costs or complexities). If during the 

test phase an input pattern is presented to the neural network it searches among 

the training patterns for those vectors that are as similar as possible to the applied 

input pattern and the corresponding output is genera1ed. 

This strategy describes the classification of an input because this vector is 

assigned to the closest corresponding values. For classification problems many 

neural networks exist which are specially designed for this purpose. Typical 

representatives are the Hopfield model (see chapter 2.7.1) and the Kohonen 

network (see chapter 2. 8), but also other types of neural networks that have not 

been mentioned in this thesis have recently been recognised such as the 
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Boltzmann Machine, Time Delay Neural Network, Time Delay Neural Network, 

Counterprogation and Fuzzy Associative Memory. 92 The functional principle of 

all these types of networks is similar. 

During the training phase the vectors are assigned to different clusters and during 

the test phase the neural network decides to whkh of these clusters the applied 

vector belongs and the corresponding output is generated. In many cases this 

vector lies in-between two or more clusters. Then the neural network often shows 

to which extent, in percentage terms, the vector belongs to each cluster. 

To apply the classification method in the field of cost estimating in project 

management at first different price clusters (or complexity cluster for tl1e PRICE 

model) need to be defined. A simple classification of projects in terms of cost 

categories as cheap, medium or expensive will most likely not be sufficient for the 

cost estimator. A finer subdivision is required because the estimate should be as 

precise as possible. Since a deviation of about ± 10% between real costs and the 

estimate is usually accepable (see chapter 3.5.7) a subdivision of the outputs into 

20%-steps may also be acceptable. 

For Daimler Benz Aerospace Airbus most estimates are in the range from 5,000 to 

300,000 Deutsche Marks and in this case 24 (5,000 - 6,000; 6001 - 7200; 7201 -

8,640; ... ) clusters should be required. This amount of clusters can easily be 

handled by artificial intelligence but if it is thought that many more clusters are 

required it could become very difficult for a neural net to distinguish between 

similar clusters. 

All mentioned advantages and disadvantages of this classification are hypotheses 

as no tests have been perfom1ed. On the other hand if you consider that a basic 

approach towards this direction in Test 6 in chapters 6.7 and 7.1 0 already lead to 

the best results of this tllesis further research in this field looks quite productive. 

92 Sarle, Wanen: Frequently asked questions about neuni.l networks, URL: 

ht1p://www.faqs.org/faqs/a.i-faq/neural-nets/pa.1tl /, part I of 7: Introduction, visited on March l 61
h 

1998 
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9 Summary of Abbreviations 

CER 

DCAA 

IPCE 

L 

M MCPLXS 

Mach or MI 

Mat or MA 

MCPLXS 

MCPLXS-cal 

Cost Estimation Relationship 

Contract Audit Agency 

Independent Parametric Cost Estimates 

Length of a component 

Measured Manufacturing Complexity (target value of a neural 

net; equals MCPLXS) 

Machinability (describes the difficulty in machining a material) 

Maturity (describes assembly difficulties due to either tight 

tolerances or expensive labour intensive processes) 

Manufacturing Complexity (generated by the PRICE-Model) 

Calibrated Manufacturing Complexity (determined by the actual 

costs) 

MCPLXS - H Manufacturing Complexity where the bogout correction formula 

of the PRICE model is not applied (=MCPLXS) 

MCPLXS + H Manufacturing Complexity where the ho gout correction formula 

of the PRICE model is applied 

NP Number of Parts 

p MCPLXS Predicted Manufacturing Complexity (predicted by a neural net) 

PEND Project end date 

Plat or PLTFM Platform (establishes the specification and testing level, 

operating environment, and reliability requirements that the 

element will be designed to meet) 

Pree or PRECI 

PSTART 

QTY 

R MCPLXS 

WT 

Precision (governing tolerances for the fabricated parts) 

Project start date 

Quantity of parts that are going to be produced 

Residual MCPLXS (=M'-MCPLXS - P _MCPLXS) 

Weight of a component 
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