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Abstract 
Presents the results of the application of back propagation three layer perceptrons to cost 
estimation problems in design. Typical requirements of neural networks to be used in new 
product development are derived. Network construction has to consider the small number of 
training sets as a major characteristic of design problems. 
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1 INTRODUCTION 

New product development is obtaining increasing attention after it has been realized that it 
plays a long underestimated role in modem industries. Examples show that product design, 
although only constituting 5% of total product cost, can determine 70% of production cost 
(Grady et al., 1991). Moreover, large efforts are made to reduce the time between 
conceptualization of a new product and its final commercialization (time-to-market) because it 
is expected to realize higher first mover market shares and margins (Perry, 1990). 

Most current computer systems to support design (like CAD, CAE, CAD AM) focus on the 
well structured late phases of development. However, many important decisions are made in 
the early phase of conceptual design. There, computer support is poor, the major reason being 
the uncertainty of knowledge, difficulties in formalizing design procedures, and lacking 
information about the impacts of conceptual design decisions on downstream activities like 
manufacturing, marketing, maintenance, or disposal and recycling. 

The PENDES project of the national Chinese CIMS-ERC (Computer Integrated 
Manufacturing Systems Engineering Research Center) investigates the possibilities to support 
decisions in the early phases of new product development (PENDES is the reverse acronym of 
Support of early phases of the development of new products). 

In this paper we present results of our research on applying neural networks to cost 
estimation problems in conceptual design. 
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2 OPPORTUNITIES OF NEURAL NETWORK APPLICATIONS IN NEW 
PRODUCT DEVELOPMENT 

Among the properties of neural networks their ability to generalize functional relationships 
among example data is of utmost importance for design. This feature is valuable wherever 
these relationships are assumed, but not known. This is the case, for ex'lmple, for some 
dependencies between design decisions (e.g. to detect incompatible solutions), or some impact 
of design decisions on downstream activities (e.g. to identifY manufacturing or maintenance 
problems of a given design). Moreover, neural networks are adaptable. This gives rise to the 
hope that changes in the connection between design-relevant data (e.g. the reduction of 
development effort as experience with a technology grows) are recognized without explicitly 
reprogramming the system. For design applications of neural networks and discussions of 
machine learning approaches see (Reich et al., 1993), (Ivezic/Garrett, 1994), (Bratko, 1993, 
p.162), (EhrlenspieVSchaal, 1992, p. 409f. ), (Bahrami/Dagli, 1992), (Becker/Prischmann, 
1993). 

This paper reports on the first results of our research. Section 3 describes experimentation 
with a three layer perceptron, section 4 generalizes the outcomes, derives requirements for 
neural network applications in the field of new product development and suggests promising 
solution methods to tackle these requirements. 

3 EXPERIMENTS 

3.1 Layout of experiments 

General approach 
The course of our research project is split into two phases: 

1. Feasibility study and conceptual design: In this first phase we experiment with different 
network architectures and test selected approaches to learning. The goal is to become 
acquainted with the behavior of neural networks in typical design situations. 

It certainly has an appeal to study the behavior of neural networks with data extracted 
form real world situations. The fact that the relationship between input and output values of 
real data is not known seems to be one of the main reasons to apply machine learning 
principles. However, this same fact is a major drawback for performance measurement and 
control as the standards to be reached by the neural networks are unknown. 

Generally, the performance of a neural network depends on two factors: topology, 
node characteristics, and learning algorithm on the one hand (network properties), and the 
set of training data values and their interrelationships on the other hand (external factors). 
In this first phase we concentrate on the response of selected neural networks on controlled 
changes of the external factors. This will improve our knowledge on the suitability of 
networks with different properties given a certain design situation and a set of training data. 

We therefore do not want to be restricted to real world data and confront neural 
networks with artificially generated data. (Becker/Prischmann, 1993) and (Ivezic/Garrett, 
1994, pp.l54ff) follow a similar approach. 

2. Pilot application: It is in this second phase that we experiment with real world data from 
a pilot application. As the system's behavior is well understood research can concentrate on 



Neural networks in new product development 661 

calibrating the network parameters, accommodating external factors (e.g. selection of 
training sets) and investigating the suitability of neural networks to practical design 
problems. 

The first phase comprises five steps: generation of training data, construction of neural 
network, training, generation of test data, and testing. The second phase follows a similar 
structure except that training and test data is not generated but elicited from a pilot application 
situation. 

For the first phase we have selected a cost estimation problem from computer design. A 
pilot application for the second phase is being developed with a manufacturer of molds for 
injection-molding of plastic parts, again for cost estimation. This paper mainly reports on the 
first phase. 

Application example outline 
Cost estimation - the problem selected as application example - is helpful in the design of new 
products to make sure that target cost are met and competitive prices can be realized (Bode et 
al., 1995). As conventional costing methods generally require quite detailed information about 
the product in question it is only in a late phase of the development process that the available 
knowledge suffices to base cost-related decisions on it. However, the designers' influence on 
cost decreases over time because decisions with substantial cost impact have been made in the 
early phases. In case the estimated cost do not satisfy the requirements earlier commitments 
must be revised which results in delays and creates new unplanned cost. 

It is therefore desirable to estimate cost already in early phases of development. However, 
design decisions have been made only for a small amount of important conceptual product 
variables then, and their relationship to cost often is not clear. Neural networks can help to 
detect these functional relationships. 

We selected a cost estimation problem from computer design. The new product under 
development is a portable 'palmtop' computer. It will be considerably smaller and lighter than 
a notebook computer, to a large extent independent from external power sources, and as easy 
to carry as a folder for paper files. 

Generation of training and test data 
In an early phase of development only few attribute values about the product in question 

are available. They fall into three classes: component-related data describe modules and 
parts which are readily available and need no or only little further development; development
related data specify attributes ofthe design process of those components which need further 
development; production-related data focus on cost drivers during manufacturing. 

Table I shows the attributes for the above mentioned cost estimation task. In the 
application example we suppose that the screen needs further development in order to reduce 
its power consumption. 

In the selected (artificial) case the attribute values are connected through the following cost 
function: 
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Table 1 Cost estimation problem: input and output data 

Attributes 

Values 
(examples) 

Component-related input Development-related input data 
data 

Memory CPU Size Improve- Technical 
{MB] ment target difficulty 

0.64; 4; 16 386; 486; palmtop; 0%; 50%; 0 (very 
586 notebook; 100% simple) to 

desktop 10 (very 
difficult) 

Production Output 
related data 
input data 

Production Cost 
volume 

5000; very low; 
10,000; low; 
15,000 medium; 

high; very 
high; 
unfeasible 

development cost fi~t 
rmprowment 2 techmcaldlfficulty 1 

[(22{-1-00-) . 22-( 10 ) ) -1]. 5 ·106 + 20 ·106 
C=[.Jmem+m(CPU)]·250+ d. I (I) 

pro uctwnvo ume 

variable production cost 

with function m mapping a CPU to a real number between 1 and 9. The three additive 
components represent the variable production cost, development cost, and fixed production 
cost, respectively. The result of this equation is a real numbered cost figure which ranges 
between 1,783 and 22,250 cost units if input data ranges are as shown in Table 1. 

An analysis of the equation as well as a numerical simulation proved the function to be 
sufficiently complex, i.e. to be nonlinear over the domain of discourse, and not to be linearized 
without oversimplification. 

The cost range is partitioned on the real line into 5 approximately equally sized classes 
labeled as shown in the cost column of Table 1. A sixth class represents all combinations of 
input data which are technically unfeasible. In the selected setting we suppose that a CPU type 
'386' is not feasible in combination with a memory of 16 MB, regardless of the real 
circumstances for the reasons of experimentation named above. 

Note further that the attribute size has no impact on cost. This is for testing if the neural 
network is able to detect that there are input data without any relationship to the output. 
Network construction in the real world would start with assuming all factors with impact on 
cost, those factors being provided by an expert. However, as relationships are uncertain in the 
real world the expert might name irrelevant factors. In such a case the neural network must be 
able to isolate these and feedback this discovery to the user. 

3.2 Construction of neural network 

We use a three layer perceptron applying the back propagation algorithm (for an introduction 
see (Lippmann, 1987)). Six nodes in the first layer and six nodes in the third layer represent 
input attributes and output cost classes, respectively. Nine nodes in the hidden layer are 
applied because first tests showed comparatively good performance. However, more research 
needs to be done on the investigation of the network topology. 
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Descent step and momentum are dynamically adapted according to the shape of and the 
position on the hypersurface. As output function an ordinary sigmoid function is used for each 
node in hidden and output layer. A compress factor applies for cases where the network is 
trapped in a local minimum. In deep local minima a jump algorithm helps to prevent 
oscillations. 

A winner-takes-it-all approach regards the output node with highest activation value as 
representing the output class assigned to the input data. 

3.3 Results 

Training with 150 randomly generated sets produced an ambiguous result. The neural network 
clearly identified the irrelevance of the attribute size to cost by assigning very low weights to 
the outgoing arcs of the respective input node. However, classification of data into cost ranges 
was not satisfying. 

We stopped experimenting with this kind of setting as it is not realistic in the domain of 
product development. Firstly, such large amounts of training data usually are not available (see 
below). Secondly, past case examples and the experience of designers in the real world are not 
randomly distributed throughout the input space. 

In a second experiment we therefore partitioned the input space. The attribute values of 
one partition remained constant for all training and test sets (memory, CPU, and size). The 
attribute values of the other partition (improvement target, technical difficulty, and production 
volume) varied among the data sets. Furthermore, we reduced the number of training sets to 
more realistic levels. 

The results are shown in Table 2 and Figure l. Three different neural networks with 
identical topologies but differing weight matrices were generated by training them with 27, 18, 
and 12 training sets, respectively. Reiteration of training data (sweeps) was stopped when the 
network's error fell below a threshold, or when the error values started to oscillate and no 
other measures could prevent oscillation. 

As performance attributes average square errors and correct classifications (i.e. the number 
of sets that were assigned to the correct cost class by the neural network) were evaluated. 
Naturally, the systems perform better when assessed with training data itself Moreover, the 
small number of training sets makes average values and percentages obsolete. This probably 
accounts for the reduced performance at greater training set sizes which is counterintuitive. 
Thus, performance on test data is more meaningful. 

Correct classifications of 62% to 69% during testing appear low. However, it should be 

c 100'11> 12 ~ Cooect classirlcat.ion 
.2 training sets 
'ii 80% 10 g - Correct classlrocalion u 
~ 60% 8 test sets .. .. .. 6 s -+-training output error u 40% Q. 

i 
4 

c5 20'11. 2 ---testing output error 
.., O'll. 0 

12 18 27 

no. of tr.,ining sets 

Figure 1 Results of neural network training and testing 
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Table 2 Results of neural network training and testing 

No. of No. of Training Correct No. of Testing Correct 
training iterations error classi- test error classification 
sets (sweeps) (1(!2) fica lion of sets (1{!2) of test sets 

training sets 

27 3064 0.98 25 (92.6%) 64 7.25 44 (68.7%) 
18 1398 0.99 17 (94.4%) 64 8.27 41 (64.1%) 
12 398 0.71 12 (100.0%) 64 10.22 40 (62.5%) 

considered that common applications of neural networks work with many hundreds, 
thousands, sometimes far more than ten thousand training sets in order to achieve satisfying 
results (Ivezic/Garrett, 1994), (Pai/M:itra, 1992). From this point of view the performance is 
better than we expected. Nonetheless, the main focus of further research should be directed to 
measures that help to improve performance despite the small number of training sets as will be 
discussed below. 

4 REQUIREMENTS OF NEURAL NETWORK APPLICATIONS IN NEW 
PRODUCT DEVELOPMENT 

From our experience with the above described experiments we derive some requirements of 
neural network applications in new product development. Future research should concentrate 
on these topics. 

4.1 Ability to deal with small number of training data 

We regard the small number of training data as the major point requiring attention. Several 
possibilities can be assessed to improve network performance. 

1. Based on design cases from the past experts are asked to alter case data 
systematically and estimate the outcome. Consequently, training data can be multiplied. 
Problems with the reliability of the simulated data and the fact that simulated data is likely 
to be situated close to the base cases in the input space must be considered. 

2. Often experts have substantial, yet approximate, background knowledge about the 
relationships between certain data. If this information is inserted into the neural network 
before training (prewiring; e.g. by removing connections between nodes if a relationship 
can be excluded) the learning process could be accelerated. However, common multi layer 
perceptrons usually do not allow explicit representation of knowledge which is essential for 
the input ofbackground knowledge. Exceptions can be found especially in the field of fuzzy 
neural networks where topologies have been suggested that represent the rule structure of a 
fuzzy controller (Horikawa et al., 1992), (Lin/Lee, 1991). 

3. Neural networks have problems learning relationships between very unevenly 
distributed data. It has been reported that transformation of data to an even distribution 
prior to learning can improve performance (Becker/Prischmann, 1993). 

4. Certain input data from a training set can be left out on a random basis to use this 
incomplete sample as a new set. This would multiply the number of training sets without 
much effort. (Ivezic/Garrett, 1994, p.153) report of encouraging results. This approach is 
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only possible with suitable network topologies. Common back propagation multi layer 
perceptrons would interpret missing data as zero values which is not desirable. 

5. Depending on the application neural networks might be segmented, each segment 
being trained separately with the same training sets. Segmentation results in a smaller 
number of input and/or output nodes and might speed up learning. This approach 
necessitates independence between the segments of input or output data, i.e. a segment of 
input nodes determines the activation of a segment of output nodes regardless of the values 
of input attributes from other segments. 

6. The input attributes are concentrated, or clustered, into transformed attribute classes 
(e.g. by functional analysis) before constructing the neural network, or classification 
networks (e.g. Kohonen feature maps) cluster the input data automatically in real time. This 
method might be able to reduce the number of input dimensions and therefore requires less 
training. 

4.2 Further requirements 

Neural networks should be able to handle fuzzy data as much knowledge cannot be provided 
in a precise manner in early development phases. A lot of research has been initiated to 
construct fuzzy systems (e.g. adaptive fuzzy controllers) by using connective methods (Kosko, 
1992), (Romaniuk/Hall, 1992), (Lin/Lee, 1991), (Horikawa eta!., 1992). 

It should be noted that fuzzy decision problems in design mostly have a structure different 
from fuzzy controllers. Fuzzy controllers usually obtain crisp inputs form their environment 
(e.g. the sensors on a moving vehicle). The input is then fuzzified, processed using fuzzy rules, 
and the fuzzy rule output finally needs defuzzification as most technical systems need crisp 
control data. The rationale to use fuzzy systems is the simple structure of fuzzy rules 
compared to complex analytical equations. 

Problem solving in design, unlike common fuzzy control, has to deal with both crisp and 
fuzzy input data (e.g. it might be uncertain which type of component should be applied in the 
product under development). The output (e.g. cost of the new product) should not be 
defuzzified because fuzzy inputs can never lead to crisp outputs. A fuzzy output reflects the 
fuzziness of the information available at present. A fuzzy neural network to support new 
product development should take this into consideration. 

In addition to that, data describing past cases mostly is crisp which means that the neural 
network is trained with crisp data. After training, however, it should be able to be applied 
using fuzzy values. 

Moreover, incomplete data should lead to meaningful results as not all parameters of a 
design problem are known from the outset. This demand requires suitable topologies as 
common multi layer perceptrons would interpret missing data as zero values. In contrast, 
missing data means that all values of an attribute are possible. 

Finally, the designer should not be forced to a rigid separation of input and output data 
as required by common neural networks. All data play an equal role, and it is their interplay 
that is of interest. Thus, one point of view might regard cost as a function of the product 
attributes, while another sees certain product attributes as an output of a preset cost decision. 
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