Proceedings of the 2013 Federated Conference on

Computer Science and Information Systems pp. 1273-1278

Knowledge Acquisition for New Product
Development with the Use of an ERP Database

Marcin Relich
University of Zielona Gora,
ul. Licealna 9, 65-216 Zielona Gora, Poland
Email: m.relich@wez.uz.zgora.pl

Abstract—Nowadays, a considerable number of enterprises
develop new products using an Enterprise Resource Planning
(ERP) system. One of the modules of a typical ERP system
concerns project management. Functionalities of this module
consist of defining resources, company calendars, sequence of
project tasks, task duration etc. in order to obtain a project
schedule. These parameters can be defined by the employees
according to their knowledge, or they can be connected with
data from previous completed projects. The paper investigates
using an ERP database to identify critical factors, i.e. variables
that significantly influence on new product development. Project
duration and cost is estimated by a fuzzy neural system that uses
data of completed projects stored in an ERP system.

I. INTRODUCTION

HE present information and communication technologies

have become one of the most important factors, condi-
tions and chances of the firm development. These technologies
enable the collection, presentation, transfer, access and using
of enormous amount of data. The data are a potential source
of information that in connection with manager skills and
experience may influence on the choice of the correct decision.
ERP systems help to collect, operate, and store data concerning
daily activities of an enterprise (e.g. client orders), as well as
the results of previous projects (development of products).

Project success or failure depends on many critical factors,
such as the kind of project, access to resources, methods of
project management, and environment [1], [2]. The reasons
for project failure can be generally considered as a lack of
accessibility of resources (e.g. human, financial, raw materials)
and changeability of the external environment. Moreover,
unstable requirements, lack of well-defined scope, quality of
management, and skill of the employees can cause project
failure. To reduce project overruns, there are two ways to
approach the problem. The first way is to increase the accuracy
of the estimates through a better estimation process and the
second, to increase the project control.

It is unrealistic to expect very accurate estimates of project
effort because of the inherent uncertainty in development
projects, and the complex and dynamic interaction of factors
that influence on its development. However, even small im-
provements will be valuable, especially by large-scale projects.
More accurate forecasting supports the project managers in
planning and monitoring the project, for instance, in project
cost, resource allocation, and schedule arrangement.
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New product development is connected with uncertainty that
includes both internal (e.g. communication in project team,
planning techniques, cash flow) and external environments
(e.g. social, economic, political, technological conditions).
Sources of uncertainty are wide ranging and have a funda-
mental effect on projects and project management [3]. Uncer-
tainty is an important issue in the support of any decision-
making in the process of new product development. Since
most companies should estimate project parameters, there is
a need to develop an approach that takes into account the
imprecise character of data and copes with enormous amount
of data. The description of project management and knowledge
management in the context of an ERP system, as well as a
fuzzy neural system combining the ability for learning and
processing inaccurate data is presented in the next section.

II. BACKGROUND
A. Project management in an ERP system

In recent years, the advancement of information technology
in business management processes has placed ERP system
as one of the most widely implemented business software in
various enterprises. ERP software promises significant benefits
to organizations. Some of these benefits include lowering
costs, reducing inventories, increasing productivity [4], im-
proving operational efficiency [5], [6], attaining competitive
advantage [7], and bettering the reorganization of internal
resources [8], [9].

The goal of an ERP based integrated information system is
to make the system effective, efficient and user friendly. The
performance of software depends on the interaction between
the software and users. The primary task of an integrated
system is to maintain the data flow of an organization and to
reduce the redundancy [10]. ERP is a system for the seamless
integration of all the information flowing through the company
such as finances, accounting, human resources, supply chain,
and customer information [11]. One of the functionalities of an
ERP system also includes project management that company
can use to develop new products.

The project management functionality comprises the defi-
nition of master files and obtaining a project schedule. The
definition of master files includes resources that are use in a
project, resource calendars, company calendars, time models
(blocks), as well as project activities, estimates of activity
duration, sequencing (order of activities), milestones. This
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data is the bases to obtain resource allocation, planned cost,
network chart, and analyses concerning e.g. original and actual
cost.

B. ERP systems from a knowledge perspective

A variety of knowledge management and knowledge inte-
grated manufacturing models have emerged one after another
in recent years [12]. These models can be considered in
the context of manufacturing or knowledge aspect [13]. The
role of manufacturing knowledge is a key strategic resource
and it can be presented as the interactive process between
manufacturing knowledge and cross-functional activities [14],
[15], [16]. Knowledge management may be incorporated into
ERP implementation with the use, for instance, a self-sufficient
model [17]. In turn, a base to characterize product develop-
ment and knowledge evolution process can be an integrated
knowledge reference system [18].

In the implementation phase, ERP systems have an impact
on organizational knowledge (stock of knowledge, distribution,
learning processes) [19], as well as on efficiency and flexibility
of a knowledge management system [20]. Moreover, business
knowledge in the ERP software package to the adopting
organization (types of knowledge transferred, resolution of
conflicts with existing organizational knowledge, changed
knowledge structure) is transferred and internalized from con-
sultants to clients [21], [22]. Knowledge-related ERP systems
research mainly concerns the knowledge issues encountered
during the system implementation phase or the ‘shake-out’
period immediately following implementation [23]. The use
of an ERP database in the post-implementation phase of
ERP system lifecycle is usually obscured. This provides the
motivation to develop the approach dedicated for knowledge
acquisition in the context of new product development in an
enterprise that uses an ERP system.

C. Description of fuzzy neural system

Knowledge acquisition requires some techniques that cope
with the description of relationships among data and that solve
the problems connected with e.g. classification, regression, and
clustering. These techniques include neural networks, fuzzy
sets, rough sets, time series analysis, Bayesian networks, deci-
sion trees, evolutionary programming and genetic algorithms,
Markov modeling, etc.

Fuzzy logic and artificial neural networks are comple-
mentary technologies and powerful design techniques that
have their strengths and weaknesses [24]. Table I shows a
comparison of the properties of these two technologies.

The fuzzy neural system has the advantages of both neural
networks (e.g. learning abilities, optimization abilities and
connectionist structures) and fuzzy systems (simplicity of
incorporating expert knowledge). As a result, it is possible to
bring the low-level learning and computational power of neural
networks into fuzzy systems and also high-level human like
IF-THEN thinking and reasoning of fuzzy systems into neural
networks. The fuzzy neural method is rather a way to create a
fuzzy model from data by some kind of learning method that
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is motivated by learning procedures used in neural networks.
This substantially reduces development time and cost while
improving the accuracy of the resulting fuzzy model. Being
able to utilize a neural learning algorithm implies that a fuzzy
system with linguistic information in its rule base can be
updated or adapted using numerical information to gain an
even greater advantage over a neural network that cannot make
use of linguistic information and behaves as a black box [25].

The behaviour of a fuzzy neural system can be represented
by a set of humanly understandable rules or by a combination
of localized basis functions associated with local models, mak-
ing them an ideal framework to perform nonlinear predictive
modelling. Nevertheless, one important consequence of this
hybridization between the representational aspect of fuzzy
models and the learning mechanism of neural networks is the
contrast between readability and performance of the resulting
model [25]. The combination of fuzzy systems and neural
networks has recently become a popular approach in engi-
neering fields for solving problems in control, identification,
prediction, pattern recognition, etc [26], [27], [28]. One well-
known structure is the adaptive neuro-fuzzy inference system
(ANFIS). ANFIS model is a universal approximator which has
the non-linear modelling and forecasting function.

III. METHOD FOR ESTIMATING PROJECT DURATION AND
COST

The proposed method is dedicated for new product develop-
ment in an enterprise that uses an ERP system. New product
development is often connected with the superficial changes
in design and/or functionality of past products. Thus, data
of completed projects can be used to identify relationships
between the parameters of past projects and their durations
and costs. The method consists of the following stages:

1) extracting data (parameters of past projects) from an

ERP system;

2) identification of critical factors that significantly influ-

ence on new product development;

3) learning ANFIS in order to obtain rule base;

4) estimating duration and cost of new product develop-

ment;

5) loading data (estimate of project duration and cost) to

an ERP system (module project management).

The presented methodology concerns the estimation of
project duration and cost in the different phases of new product
development (see Fig. 1). In each of these phases, the critical
factors (parameters of an ERP database) that significantly
influence on new product development are sought.

Database of an ERP system comprises an enormous number
of parameters that can be considered as potential variables
to identify the duration and cost of project phases. The
second stage in the above-presented procedure concerns the
identification of critical factors that influence on the project
duration and cost, and indirect on new product development.
If the relationship between a variable and the project duration
and cost is significant (greater than a level defined by the
user), then the variable is considered as the critical factor. The
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TABLE 1
PROPERTIES OF NEURAL NETWORKS AND FUZZY SYSTEMS

Skills Type Fuzzy Systems Neural Networks
Knowledge acquisition Inputs Human experts Sample sets
Tools Interaction Algorithms

Uncertainty Information

Quantitative and qualitative

Quantitative

Cognition Heuristic approach Perception
Reasoning Mechanism Low Parallel Computation
Speed Low High
Adaption Fault-tolerance Low Very high
Learning Induction Adjusting weights
Natural language Implementation Explicit Implicit
Flexibility High Low
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Fig. 1. New product planning phases

Source: [29]

variables are chosen according to the user’s experience and
can be as follows: a number of human resource (in person-
hour), machine-hour, raw material, and activities in a project
phase, as well as financial means, delay in client’s payment and
material delivery by suppliers, quality of material (number of
complaints), time of machine inspection, absenteeism during
project implementation, project team members, and project
manager.

A large number of independent variables in a large data set
can present two major problems. Firstly, too many variables
result in long training times when the model is built. Secondly,
large number of observations and variables tend to retain
redundant information through multicollinearity leading to un-
reliable models. Some of the variables present in historical data
are needed for some problems and some variables for others.
Often, different variables may carry the same information [30].

A variable reduction method can be based on principal
component analysis that is used as a dimension reduction
technique for linearly mapping high dimensional data onto
a lower dimension with minimal loss of information. The
variable reduction is not the main issue in this research and it
is not further considered.

The third stage in the proposed methodology concerns
obtaining rule base with the use of ANFIS. The identification
of rules and the initial parameters of membership function of
fuzzy sets are obtained with the use of e.g. grid partition,

fuzzy c-mean, or subtractive clustering. The learning stage
requires the declaration of optimisation weights method (e.g.
backpropagation algorithm) and stop criterion (e.g. error value
or the number of iteration). After learning phase, the testing
data are led to input of system to compare the results with
target. Next section presents an example concerning the use
of the above procedure.

IV. EXAMPLE OF PROJECT DURATION AND COST
ASSESSMENT

The output variables contain the duration (d; in months) and
cost (¢; in monetary unit - m.u.) of the j-th phase in project i.
In turn, the input variables include:

e hj; - number of human resource in the j-th phase of

project i (person-hour);

« aj; - number of activities in the j-th phase of project i;

e s;; - number of subcontractors in the j-th phase of project

N
e tmj; - number of project team members in the j-th phase
of project i.

Table II presents data of eight past projects (development
of products) for product design phase that has been applied to
the proposed approach.

Calculation has been generated with the use of ANFIS tool
that is Matlab software. The application of fuzzy-neural system
requires the declaration of input variables and parameters
connected with ANFIS, e.g. defuzzification method. Figure
2 presents two ANFIS, for the duration and cost of project
phase, respectively.

After the declaration of input variables in fuzzy neural sys-
tem, the initial parameters of membership functions of fuzzy
sets are estimated. As a result, the structure of fuzzy neural
system is determined. In next stage, the fuzzy neural system
is learnt according to e.g. backpropagation algorithm, and
consequently, the shape of membership function is determined
(Fig. 3).

The rules can be presented for decision maker in descriptive
form. The example of fuzzy rules for the duration and cost is
presented in Fig. 4.

To eliminate too strictly function adjustment to data and
to increase the estimation quality, the data set is divided into
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TABLE II
PROJECT VARIABLES FOR PRODUCT DESIGN PHASE
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Variable Pl P2 P3 P4 P5 P(j P7 Pg
Human resource 500 | 400 | 350 | 450 | 600 | 400 | 650 | 500
Number of activities 25 22 20 25 28 22 25 20
Number of subcontractors 3 4 5 6 4 5 5
Number of team members 8 7 6 12 10 12 10
Duration 14 12 10 15 16 15 15 15
Cost 380 | 320 | 320 | 400 | 500 | 420 | 650 | 600
PersonHours.
ANFIS1 in1mf2 in1mfé in1mf1 in1mfg in1mf3
NoActivities fu) 1
NoSubcontractors
MnTeamMemhers:
PersonHours 350 ;é: :-1: :"_I‘: -':1: 500
input variable "PersonHours”
ANFISZ
NoActivities flu) in2mf2 in2mf8 iirZmg in2mf3

(sugeno)

E

NoSubcontractors

:

E
B

Fig. 2. Specification of fuzzy neural system

learning (P;-F5) and testing set (Pr-F3). The learning phase
requires the declaration of method of weights optimisation,
and stop criterion (e.g. error value or the number of iteration).
After learning phase, the testing data are led to input of system
to compare the error between different models. Mean square
error (MSE) for various models are presented in Table III. It
is noteworthy that the least error in testing set for the duration
has been generated with the use of average. It can be connected
with a low level of variance for the duration of project design
phase. In turn, the least error for the cost has been generated
with the use of ANFIS with subtractive clustering method.

The membership functions and rules are a basis to evaluate
the duration and cost of an actual project. Let us assume
that for the actual project are considered the following values:
number of person hours equal 475, number of activities equal
24, number of subcontractors equal 11, and number of team
members equal 9. Thus, the duration equals 16.4 months and
cost of project phase equals 440 m.u. (see Fig. 5).

There is also possibility to conduct what-if analysis. For
instance, if a number of subcontractors will be increased to 20,
then the project will be decrease to 13.7 months (see Fig. 6).

The above-presented analysis is conducted for each phase
of project and the obtained estimates can be used to evaluate
cash flow, working capital, financial reserves, product launch,
and other critical factors of an enterprise activity.

22

in3nfS in3mfs n3iAmTs

23 24 25 25 27 23
input variable "NoActivities™

n3mfs ' ' © inam

20 22 24 28 28 30

input variable "NoSubcontractors™

in4mf2 indmfs iindmia ind4mf4 in4mf3
1
; T ’ N N
7 3 9 10 1 12
input variable "NoTeamMembers™
Fig. 3.  Membership function for input variables

Fig. 4. Fuzzy rules generated by fuzzy neural system
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TABLE III
COMPARISON OF MSE FOR DIFFERENT MODELS
Model Duration Cost
Average 1.78 236.32
Linear model 4.16 309.85
ANFIS - grid partition 12.87 564.63
ANFIS - subtractive clustering 2.99 96.10
P =475 ctiviles = 24 actors = 11 NoT B e . T . .
decreases the risk of lack of liquidity. If in the enterprise
] L | e L] is a database of past projects, then there is the possibility
g | | || | to gather additional information in the form of conditional
| L ‘ 2 L (L] rules. The application of the proposed approach encounters
El] Bl | e L1 some difficulties, among other things, by the collecting enough
o N e | O 1 [ | amounts of data of the past similar projects. Moreover, the lack
s LN [ i N | of uniform rules that concern the development of fuzzy neural
w | e E w s B ..
[ 1] systems may cause an acceptance problem for the decision-
o - . , ””:m “20”‘ makers. However, the presented approach seems to have the
AN B (1] promising properties for acquiring information from an ERP
system.
SN N | | | Further research focuses on the development of the pre-
L4 | ‘ 4 L4 | | sented approach towards searching a set of key performance
am = | | g L] indicators according to their influence on the success of
L] Bl b &l [L] completed projects. Moreover, future research will be aimed
Srﬂ N | Aa] 1] at verifying the proposed approach in a real world to test its
. - ° v b ED practicality.

2173 670.8

Fig. 5. Estimation of project duration and cost
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NI | &l ] | [ ]
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Fig. 6. Project duration for additional subcontractors

V. CONCLUSION

The capabilities of an enterprise to create, share and utilize
knowledge effectively are today regarded as one of the key
drivers of competitive advantage for industrial enterprises.
Competition in quality, design, cost of new products, and
time their launching into the market has increased with new
competitors having established segments and, in some cases,
with change in competitive tools. This forces more frequent
and larger-scale changes in contemporary companies, also
changes in the use of new information technologies. One of
the technologies concerns a fuzzy neural system that is used
in this paper to evaluate the project duration and cost.

More exact identification of project duration and cost
enables more precision of cash flow planning and finally,
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