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Abstract: This paper is concerned with estimating cost of various new product development phases 
with the use of computational intelligence techniques such as neural networks and fuzzy neural system. 
Companies tend to develop many new products simultaneously and a limited project budget imposes 
the selection of the most promising new product development projects. The evaluation of new product 
projects requires cost estimation. The model of cost estimation contains product design, prototype 
manufacturing and testing, and it is specified in terms of a constraint satisfaction problem. The illustra-
tive example presents comparative analysis of estimating product development cost using computation-
al intelligence techniques and multiple regression model. 

Keywords: project management, neural networks, fuzzy neural system, constraint satisfaction problem, 
decision support system. 

 

1 Introduction 
 
Decrease of product life cycles, increase of product 
variety, and successful adjustment to market trends 
impose considerable attention to new product devel-
opment (NPD), which is one of the most important 
factors in maintaining company’s competitiveness. 
The success of new products depends on customer 
satisfaction that derives from product utility, quality, 
and price [1-4]. To incorporate customer require-
ments in a new product, a company incurs expendi-
tures during the NPD phases such as product design, 
prototype manufacturing, and testing [5, 6]. 

The research and development (R&D) budget is 
often limited and requires the selection of the most 
promising NPD projects according to the criteria 
such as the expected profitability of a new product, 
product life cycle, and the cost of NPD. As a result, 
cost estimation of the NPD projects is of special 
significance in the field of project management. 

The cost of NPD can generally be considered from 
the perspectives such as product design, manufactur-
ing, and testing [7-10]. The product design phase 
includes design reusability and engineering design. 
The manufacturing cost is related to the required 
materials, equipment, and labor to manufacture 
a prototype that is tested in the next phase. 
The product design phase is especially important 
because it precedes other phases. The wrong product 

design increases cost related to special equipment 
or modifications, inefficient assembly, excessive part 
proliferation, difficulties with part fabrication 
and product reliability, and finally, customer dissatis-
faction [11]. 

Cost estimation of new product development can use 
the data of past projects that are usually stored in an 
enterprise information system. This system includes 
software such as enterprise resource planning (ERP), 
customer relationship management (CRM), comput-
er-aided design (CAD), computer-aided engineering 
(CAE), and computer-aided manufacturing (CAM). 
In the context of a particular product, the use 
of software for tracking and controlling data is 
named product data management (PDM). PDM is 
part of product lifecycle management (PLM) that 
allows manufacturing companies to manage their 
products throughout their lifecycles, from the idea 
generation of a new product, its development 
and manufacturing, to disposal [12, 13]. PLM repre-
sents connection between CAD, digital manufactur-
ing, and simulation, as well as the virtual world and 
interfaces with the ERP system supporting the physi-
cal side of modern manufacturing along the supply 
chain [14, 15]. 

The advancement of information technology helps 
companies manage business processes and use 
the collected data for acquiring information. Identifi-
cation of the valid and useful patterns requires the 



22 Marcin Relich  

use of data mining techniques and a specific ap-
proach to specify the data in a uniform form. 
This study aims to develop a model of cost estima-
tion of new product development in terms of con-
straint satisfaction problem (CSP) providing 
a foundation for conceptual analysis. The CSP con-
sists of a set of variables, their domains, and con-
straints, and it can be considered as a knowledge 
base enabling the design of a knowledge-based sys-
tem that includes the identified patterns, expert 
knowledge, and routine queries such as what is the 
cost of new product development phases, what is the 
most promising set of products for development, 
or what values should have the parameters of a NPD 
project to fulfil the cost expectations. The proposed 
approach uses computational intelligence techniques 
(artificial neural networks and fuzzy neural system) 
to identify the relationships between the NPD cost 
and product parameters that are stored in a typical 
enterprise database. Knowledge base and inference 
engine of the proposed approach has been developed 
with the use of constraint programming environment. 

The remaining sections of this paper are organized as 
follows: Section 2 presents a literature review on the 
new product development process, cost estimation 
in NPD, and the use of computational intelligence 
techniques in NPD. Section 3 presents a model 
of cost estimation of new product development 
in terms of a constraint satisfaction problem. 
The proposed method of estimating product cost is 
presented in Section 4. An example of the proposed 
approach is illustrated in Section 5. Finally, some 
concluding remarks are contained in Section 6. 

 
2 Literature review 

2.1  New product development process 

The new product development literature emphasizes 
the significant relationship between launching new 
products and continuing business success [1, 16, 17]. 
Moreover, new product development from a global 
perspective influences on technological progress, 
economic growth, employment, and standard of liv-
ing [18]. New product development is a crucial pro-
cess in sustaining a company’s competitive position, 
enabling competitiveness in dynamic markets. How-
ever, market competition and product technology 

advancement is often intense [19], making the new 
product development a relatively risky activity [20]. 
As a result, organizations try to meet customer re-
quirements, increase product functionality, and im-
prove the NPD process. To succeed in the contem-
porary business environment, organizations are 
forced to more precise identification of customer 
needs, increase of product quality, and accelerating 
commercialization of a new product [2]. For this 
purpose, more and more companies use IT solutions, 
including rule-oriented decision support systems. 

New product development is a complex and time-
consuming process in which a product is designed, 
manufactured, tested, and finally, launched on the 
market. Many NPD models have been developed 
over the years taking into account the above-
mentioned stages of the NPD process. Sun and Wing 
[21] present the NPD process in the context of the 
following phases: idea generation and conceptual 
design, definition and specification, prototype 
and development, and commercialization. In turn, 
Ulrich and Eppinger [9] describe the concept devel-
opment process, as identification of customer needs, 
establishment of target specification, concept genera-
tion, concept selection, concept testing, establish-
ment of final specification, and product development 
plan. 

The concept selection is the critical phase of the 
NPD process because it precedes more expensive 
and long-term phases related to detailed design, 
manufacturing, testing, and commercialization of 
a product. The concept selection aims to identify 
the most promising product portfolio for develop-
ment, with the use of criteria such as the projected 
profit and unit cost of a new product, and the esti-
mated total cost of new product development. 

 
2.2  Cost estimation in new product  

development  

The main objective of cost estimation in the context 
of new product development is analysis of projected 
profitability of a new product and selection of the 
most promising NPD projects portfolio [22]. Moreo-
ver, cost estimation of the NPD phases (especially 
cost of product manufacturing) facilitates the estab-
lishment of the price of a product, its comparison 
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with the prices of competitors’ products, and deter-
mination of price competitiveness of a new product. 
After selecting the most promising NPD portfolio, 
cost estimation can be used to prepare the budget 
of the successive NPD phases: product design, man-
ufacturing, testing, and commercialization, and com-
pare the planned costs with actual operating costs. 
Cost estimation is also important in the context 
of preparing the budget for labor, equipment, materi-
als, and components required for product manufac-
turing [23-25]. Consequently, cost estimation of new 
product development facilitates the decision maker 
to answer to the following questions: should the con-
sidered product be developed, what cost will be in-
curred in the specific NPD phases (or company’s 
departments), and what cost is related to labor, as-
sembly, purchased materials, components, etc. 

The cost estimation methods in the context of new 
product development can be divided into two main 
approaches: variant-based and generative cost esti-
mation [26]. Variant-based cost estimation is related 
to the similarity between a new product and the pre-
viously developed products. In this approach, 
the cost of the previously developed products is 
a sample in the cost estimation process of new prod-
ucts. This approach is useful in development of the 
relatively similar products, for example, in mass 
customization. In turn the second approach, that is, 
generative cost estimation is related to the specific 
cost incurring during the new product development 
process, for example, in designing product, manufac-
turing and testing prototype. The use of generative 
cost estimation is required for the completely new 
products that are designed from scratch, and a com-
pany cannot use the previous cases. As companies 
usually modify the previous products and do not 
develop a new product from scratch, these two ap-
proaches can be combined to estimate cost of NPD. 

The parametric models of estimating cost can be 
considered from the perspective of the general 
and specific models. A general model is built to es-
timate the cost of a product without making refer-
ence to any product family. In turn, a specific model 
is designed for a dedicated product family and it can 
only estimate the cost of a product that belongs to the 
same product family [27]. The parametric models 
of estimating new product can be based on linear 

regression analysis, nonlinear models, or computa-
tional intelligence techniques. Mislick and Nuss-
baum [28] present cost estimation with the use 
of multivariable linear regression analysis and multi-
plicative models (e.g., logarithmic, exponential, 
and power) that are transformed into linear models. 
They also consider cost estimation in the context 
of learning curve analysis (within unit theory and 
cumulative average theory), wrap rates, and step-
down functions. The description of computational 
intelligence techniques and their use in the context 
of new product development is presented in the next 
subsection. 

 

2.3 Computational intelligence techniques in 
new product development 

A nature-inspired methodology of computational 
intelligence involves adaptive mechanisms, ability 
to learn, generalization, and pattern discovery. Com-
putational intelligence can improve the capacity 
of information management systems used in modern 
designing and manufacturing, for example, through 
capturing the decision rules of human experts 
and use these rules to automated decision making 
[29]. Computational intelligence includes techniques 
such as artificial neural networks, fuzzy logic, evolu-
tionary algorithms, artificial immune systems, prob-
abilistic reasoning, and multiagent systems. As the 
connection of different computational intelligence 
techniques can combine their advantages, many hy-
brid structures have been developed. For example, 
the integration of single computational intelligence 
techniques is reflected in fuzzy neural system, fuzzy-
genetic system, and fuzzy-neural-genetic system 
[30]. 

An artificial neural network with its nonlinear 
and parallel computing technique is a powerful ap-
proach to perform fast and complex computations, 
and identify nonlinear and complex relationships 
among data, if there are any [31, 32]. Fuzzy systems 
are based on fuzzy set theory and imitate the aspect 
of human cognition that can be called approximate 
reasoning. Fuzzy terms are not precise but they are 
meaningful and allow description of real-world situa-
tions and reason about them [30]. Fuzzy neural sys-
tem has the advantages of both neural networks (e.g., 
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learning abilities, optimization abilities and connec-
tionist structures) and fuzzy systems (e.g., if-then 
reasoning, simplicity of incorporating expert 
knowledge). Artificial neural network and fuzzy 
neural system are learnt from training samples, and 
after learning they are able to perform nonlinear 
predictive modeling, simulation, and forecasting. 

In the last years, a wide range of computational intel-
ligence techniques, including artificial neural net-
works, fuzzy systems, and fuzzy neural systems, has 
been used in the field of new product development. 
For example, artificial neural networks have been 
applied to estimation of production costs [31], pre-
diction of product reliability performance [33], 
and cost estimation of the product life cycle in con-
ceptual design [34]. Fuzzy logic-based approaches 
can support the decision makers in estimating market 
demand for new product development [35], estimat-
ing reliability improvement during product develop-
ment [36], selecting suppliers for new product 
development [37], evaluating project risk, and status 
[38-40]. In turn, fuzzy neural systems can be used 
to create innovative product concepts [41], generate 

customer satisfaction model [42], or select the most 
promising NPD portfolio [43]. 

 
3 Model of NPD Cost Estimation in Terms  

of CSP 
 
The product development process includes design-
ing, prototyping, testing, and launching a product. 
Today’s information systems (e.g., CRM, CAD, 
ERP) support the user in managing these phases 
of the NPD process, and also register and store the 
performance of the previous NPD projects (e.g., 
customer requirements, design parameters, product 
manufacturing). The stored data can be used to iden-
tify the key factors influencing cost of a particular 
phase of the NPD process, and finally, improve 
the performance of the current NDP projects and the 
success of a product. Fig. 1 illustrates model of cost 
estimating for new product development in the con-
text of an enterprise system database. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Model of cost estimation for new product development 

 

The presented model can be described as a set 
of variables, their domains, and the constraints that 
refer to the company’s resources and performance 
indicators. The model description encompasses 
the limitations of a company, parameters of products 
and a set of routine queries that are formulated in the 

framework of CSP. The structure of the constraint 
satisfaction problem is described as follows [44]: 

CSP = ((V, D), C) 
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 D is a finite set of discrete domains of variables, 

 C is a finite set of constraints limiting and linking 
variables. 

The presented model of new product development 
consists of three phases: design, manufacturing, 
and testing the prototype, for which cost estimation 
is conducted. In the phase of product design, the 
following variables can be considered: 

 number of interviewed clients to survey client’s 
requirements, 

 number of client’s requirements for a new prod-
uct, 

 number of client’s requirements translated into 
product specification, 

 number of ideas for a new product, 

 number of components in a new product, 

 number of unchanged components in a new prod-
uct, 

 number of project team members. 

The cost of manufacturing prototype can depend 
on the following variables: 

 number of components for assembling, 

 assembly time, 

 assembly machines, 

 time for assembly machine configuration, 

 number of components for processing, 

 processing time. 

In the phase of testing prototype, the variables sus-
pected of influencing cost are as follows: 

 number of components in a new product, 

 number of cycles for testing prototype, 

 number of devices for testing prototype, 

 number of suppliers for the required materials and 
components, 

 number of new suppliers. 

The constraints include the total number of team 
members directly involved in a NPD project C1,t, 
the number of machines C2,t, and financial means C3,t 
in the t-th time unit (t = 0, 1,..., T). The decision 
criterion for product portfolio selection is minimiza-
tion of the total cost of a product by the given con-
straints. 

The constraint satisfaction problem can be consid-
ered in the context of a knowledge base that is 
a platform for query formulation and obtaining an-
swers [45, 46]. As a knowledge base can be consid-
ered in terms of a system, at the input of the system 
are the variables concerning basic characteristics 
of an object that are known and given by user [45]. 
The model formulation in terms of CSP integrates 
technical parameters, available resources, identified 
patterns (rules) and user requirements in the form 
of knowledge base, and facilitates the development 
of a decision support system [46, 47]. The problem 
solution is related to seeking the answer to the fol-
lowing questions: 

 What is the NPD cost and what products should 
be selected to the product portfolio to obtain the 
minimal total cost of NPD projects by a fixed 
amount of resources? 

 What values should have the parameters of NPD 
projects to fulfil the cost expectations? 

The methodology of finding solutions for the above-
described problem is presented in the next section. 

 
4 The Proposed Method for  

Estimating Product Development Cost 
 
The enterprise information systems register steadily 
an enormous amount of data related to the business 
processes in a company, including performance 
of the new product development projects. Conse-
quently, the enterprise databases can be used to de-
rive valuable information for improving performance 
of business processes in an organization. Analysis 
of huge amount of data and information acquisition 
using manual methods is slow, expensive, subjective, 
and prone to errors [48-50]. Data mining techniques 
are seen as a promising tool to automate the process 
of seeking hidden relationships among data and re-
trieving valuable information. Data mining is a stage 
of the knowledge discovery process and its aim is 
to identify nontrivial, novel, and potentially useful 
patterns in data [51, 52]. In this study, two data min-
ing techniques are considered, that is, neural net-
works and fuzzy neural networks. 
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The proposed method for estimating project devel-
opment cost consists of the following steps: 

 selecting the input variables influencing cost 
of new product development, 

 preprocessing dataset for more efficient use 
of data mining techniques, 

 using data mining techniques to seeking relation-
ships among data, 

 determining the range of the input variables 
for NPD projects, 

 estimating cost of new product development, 

 conducting sensitivity analysis of cost and select-
ing optimal NPD project portfolio, 

 seeking a set of admissible solutions that fulfil the 
NPD budget expectations. 

Fig. 2 presents the framework of decision support 
system for the proposed method. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Framework of decision support system for estimating NPD cost 

 

In the first step of the proposed method, the variables 
suspected of generating cost of new product devel-
opment are selected. The variables are divided into 
three groups related to the new product development 
process: product design, manufacturing and testing 
prototype. The next step of the proposed method is 
related to data preprocessing. As the collected varia-
bles have different ranges, the data requires trans-
formation in order to use more effectively data 
mining techniques. The data preprocessing facilitates 
the improvement of modeling accuracy of artificial 
neural networks and fuzzy neural networks. In this 
study, the principal component analysis has been 
used to transform data before the learning phase 
of data mining techniques. 

The data mining techniques aims to identify the rela-
tionships between the cost of a product and the vari-
ables that are suspected of influencing cost. 
This study considers two types of data mining tech-
niques: artificial neural networks (ANN) and fuzzy 
neural networks (FNN). 

In the next step, the project manager determines 
the range of parameters of new products. These val-
ues are the inputs for the learnt ANN and FNN that 
with the use of the identified relationships estimate 
the cost in three dimensions: product design, manu-
facturing prototype, and testing prototype. The total 
cost of new product development is calculated 
by adding these three types of cost. If the total cost 
of NPD projects exceeds the budget expectations, 
then constraint programming (CP) is used to seek 
the values of parameters of new products, for which 
the financial constraint is fulfilled. CP is able 
to solve constraints satisfaction problems with great-
ly reduction of the amount of search needed [53]. 
This is sufficient to solve many practical problems 
such as supply chain problem or scheduling problem 

[54  57]. The next section presents an illustrative 
example of comparative analysis of estimating prod-
uct development cost with the use of computational 
intelligence techniques and multiple regression mod-
el. 
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5 Illustrative Example 
 
An example consists of two parts that are related 
to two problems (queries) described within the mod-
el of cost estimation of new product development. 
The first part presents the use of computational intel-
ligence techniques (neural networks and fuzzy neural 
system) to seek relationships that describe the cost 
of a product development phase and the estimate 
cost. In turn, the second part shows the use of CP 
to seek such values of input variables that fulfil the 
cost expectations. 

 
5.1  Cost Estimation and Sensitivity Analysis 

of New Product Development  

Cost estimation has been carried out with the use 
of neural networks and fuzzy neural system 
(the adaptive neuro-fuzzy inference system [AN-
FIS]) and compared with the linear regression model, 
and the average of R&D cost of past products. 
The NPD cost has been estimated separately 
for three fields: product designing, prototype manu-
facturing, and prototype testing. The data has been 
acquired from an enterprise information system 
and preprocessed before seeking relationships 
and forecasting, with the use of the principal compo-
nent analysis. To eliminate the overtraining of ANN 
and ANFIS (too strict function adjustment to data) 
and to increase the forecasting quality, the data set 
has been divided into learning (P1 – P30) and testing 
set (P31 – P38). Cost estimation and sensitivity anal-
ysis has been carried out with the use of a model that 

provides the best forecasting quality, i.e. the least 
root mean square error in the testing set. 

In this study, a multilayer feed-forward ANN has 
been trained according to the back-propagation algo-
rithm and weights optimized according to the Le-
venberg–Marquardt algorithm (LM) and gradient 
descent momentum with adaptive learning rate algo-
rithm (GDX). The neural network structure has been 
determined in an experimental way, by the compari-
son of learning set (LS) and testing set (TS) for the 
different number of layers and hidden neurons. 
The root mean square errors (RMSE) have been cal-
culated as the average of 50 iterations for each struc-
ture of a neural network with a number to the extent 
of 30 hidden neurons. In turn, the ANFIS has been 
trained according to subtractive clustering method 
implemented in Matlab® software, with the follow-

ing parameters: range of influence  0.3, squash 
factor – 1.25, accept ratio – 0.5, reject ratio – 0.15. 

 
5.1.1  Cost of Product Designing 

Cost of product designing (CD) has been estimated 
on the basis of the following variables: the number 
of interviewed clients (CS), the number of client’s 
requirements for a new product (CR), the number 
of  client’s requirements translated into product spec-
ification (CRT), the number of ideas for a new prod-
uct (INP), the number of components in a new 
product (CNP), the number of unchanged compo-
nents in a new product (UCP), and the number 
of project team members (PTM). Table 1 presents 
the RMSE for the different estimating models for CD 
in learning and testing set. 

 

Table 1. Comparison of estimating models for CD 

Model RMSE for LS RMSE for TS 

ANN LM 7e-15 7.447 

ANN GDX 7.809 9.023 

ANFIS 0.037 3.802 

Linear regression 9.551 13.702 

Average 19.685 27.392 
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The least RMSE in the testing set has been obtained 
with the use of the ANFIS that generated 30 rules 
for the identified relationships. The RMSE of the 
ANN and ANFIS outperform the results obtained 
by the average and linear regression model. As the 
ANFIS obtained the least RMSE, it has been used 
to estimating cost of the product design phase. 
The parameters of the considered product are as fol-
lows: CS – 128, CR – 22, CRT – 18, INP – 42, CNP 

– 55, UCP – 43, and PTM – 4. After inputting these 
variables to the learnt ANFIS, the cost forecast 
equals 138 monetary units (m.u.). This information 
can be used to feasibility study of the NPD projects 
and selecting the most promising projects for devel-
opment. Fig. 3 illustrates the membership functions 
for the first 10 rules used for estimating cost of the 
product design phase. 

 

 

Figure 3. Estimating cost with the use of ANFIS 
 

The cost-effectiveness of the NPD projects can be 
presented in the form of sensitivity analysis by as-
signing the range of the planned values of input vari-
ables. Fig. 4 presents cost estimates of the product 

design phase for the number of components in a new 
product from 50 to 59, for unchanged components 
in a new product from 39 to 45, and for four (on the 
left) and five (on the right) members of project team. 

 

  

Figure 4. Contour plot of cost for four and five members of project team 
 

The contour plots shown in Fig. 4 illustrate 
the strength and direction of cost changes. The in-
creasing number of components in a new product 
results in cost growth for the range from 53 to 59 
components by the relation: the greater number 
of component the greater increment of cost. In turn, 

cost is constant in the range 50 – 53 components. 
Moreover, the results indicate the increase of cost 
(about 4.5 m.u.) for the additional member of project 
team. The above plots also show the decline of cost 
for the increasing number of unchanged components 
in a new product.  
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Each additional unchanged component in a new 
product causes cost savings of 0.3 m.u. 

 
5.1.2  Cost of Product Manufacturing 

Cost of product manufacturing (CM) has been esti-
mated with the use of the following input variables: 

the number of components for assembling (CA), 
assembly time (AT), assembly machines (AM), time 
for assembly machine configuration (AMC), 
the number of components for processing (NCP), 
and processing time (PT). Table 2 presents the 
RMSE for the different estimating models for CM 
in learning and testing set. 

 

Table 2. Comparison of estimating models for CM 

Model RMSE for LS RMSE for TS 

ANN LM 1e-15 1.0117 

ANN GDX 0.7537 0.7402 

ANFIS 0.0028 1.4165 

Linear regression 1.0840 1.5965 

Average 2.0025 2.7000 

 

The least RMSE in the testing set has been obtained 
with the use of the ANN GDX for 17 hidden neurons 
in one hidden layer. Both ANNs and ANFIS have 
been generated smaller RMSE values than the linear 
regression model and the average. Cost of the prod-
uct manufacturing phase has been estimated with the 
use of the ANN GDX for the following values 
of input variables: CA – 20, AT – 27, AM – 3, AMC 
– 0.48, NCP – 33, PT – 54, and it equals 8.23 m.u. 

 

 

 

5.1.3  Cost of Product Testing 

Cost of product testing (CT) has been predicted 
on  the basis of the following variables: the number 
of components in a new product (CNP), the number 
of cycles for testing prototype (CTP), the number 
of devices for testing prototype (DTP), the number 
of suppliers for the required materials and compo-
nents (SRM), and the number of new suppliers (NS). 
Table 3 presents the RMSE for the different estimat-
ing models for CT in the context of learning 
and testing set. 

 

Table 3. Comparison of estimating models for CT 

Model RMSE for LS RMSE for TS 

ANN LM 3e-15 1.9288 

ANN GDX 1.7675 1.2787 

ANFIS 0.0420 1.6752 

Linear regression 2.1231 2.0653 

Average 4.8985 8.2207 

 

The least RMSE in the testing set has been obtained 
with the use of the ANN GDX for 22 hidden neurons 
in one hidden layer. All the RMSE generated 
by ANN and ANFIS are less than the average 

and linear regression model. The cost of the product 
testing phase has been estimated with the use of the 
ANN GDX for the following values of input varia-
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bles: CNP – 45, CTP – 300, DTP – 3, SRM – 9, NS 
– 2, and it equals 41.85 m.u. 

Information about cost of the product testing is use-
ful to feasibility study of the NPD projects and se-
lecting the most promising projects for development. 
The project manager can also be supported through-
out sensitivity analysis that presents cost-

effectiveness of a NPD project by the different val-
ues of input variables.  

Fig. 5 presents cost of the product testing phase for 
the number of components in a new product from 42 
to 49, the number of suppliers for the required mate-
rials and components from 9 to 11, and for two (on 
the left) and three (on the right) new suppliers. 

 

 

Figure 5. Contour plot of cost for two and three new suppliers 
 

The contour plots illustrate the increase of cost 
for the increasing number of suppliers and compo-
nents in a new product. Moreover, the results indi-
cate that the additional new supplier should cause 
cost savings of 0.08 m.u. 

 

5.2  Seeking Conditions for Fulfilling Cost  
Expectations 

The total cost of new product development contains 
CD, CM and CT, and reaches 188 m.u. If the total 
cost of NPD exceeds the project budget, the project 
manager can need information about the conditions 
to fulfil cost constraint. In this case, such values 
of input variables are sought that fulfil the cost ex-
pectations. Let us assume that the budget of product 
development is limited to 170 m.u., and the range 
of the selected variables is as follows: CNP from 40 
to 60, UCP from 25 to 39, PTM from 3 to 6, 
and SRM from 8 to 12. A large number of admissi-
ble solutions imposes the use of techniques that ena-
ble the reduction of the amount of search needed, 
such as constraint programming. The considered 

problem has been implemented in the Oz Mozart 
programming environment that includes constraint 
programming paradigms. The number of admissible 
solutions equals 53 instances by 6,299 choice nodes. 
The minimal product development cost reaches 159 
m.u. for the following values of decision variables: 
CNP – 40, UCP – 39, PTM – 3, and SRM – 8. 

 
6 Conclusions 
 
The successful new product development and launch 
is a key factor to continue business survival 
and growth. The activities ensuring the successful 
launch of a product begins already in the early phas-
es of the NPD process such as the identification 
of client requirements and idea generation of a new 
product. A limited R&D budget requires selecting 
the most promising NPD projects, wherein cost esti-
mation is helpful. If new product is a modification 
of previous product, cost estimation may be based 
on the data of the past NDP projects that is stored 
in an enterprise information system. 
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Comparative analysis of cost estimation presents the 
better forecasting quality for computational intelli-
gence techniques (neural networks and fuzzy neural 
system) than for multiple regression models. Neural 
networks have good generalization properties that 
enable identification of complex relationships among 
data, if there are any. The more precise estimates 
of product cost-effectiveness enable selecting the 
most promising new products for further develop-
ment, and launch on the market only such products 
that can compete in prices with competitor’s prod-
ucts. 

The presented approach identifies the strength 
and direction of cost changes in relation to the values 
of variables influencing cost (e.g., the number 
of suppliers, team members, product components), 
and in the context of three product development 
phases: design, manufacturing, and testing. Sensitivi-
ty analysis helps the project manager select the opti-
mal parameters in the different phases of a NPD 
project. Model formulation in terms of a constraint 
satisfaction problem facilitates data standardization 
and creation of knowledge base that consists of rules 
and facts. Knowledge base is used to cost estimating 
for the expected values of NPD project parameters 
or/and to seek such values of NPD project parame-
ters that fulfil the budget expectation. In the second 
case by a large set of admissible solutions, constraint 
programming is a suitable technique to reduce 
the time needed to find solutions, if there are any. 

Advantages of using the presented approach include 
cost estimation for the different NDP phases, low 
effort of data retrieval to analysis (the data are stored 
in a typical enterprise information system), sensitivi-
ty and what-if analysis, and selection of the most 
promising product portfolio according to the project 
manager’s preferences. Disadvantages of the pro-
posed approach can be considered from the perspec-
tive of collecting enough amounts of data of the past 
similar NPD projects, and specifying several pa-
rameters to build and learn a neural network 
and fuzzy neural system. 
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