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Abstract 
 
This paper aims to delineate measurement of level-of-
satisfaction during decision-making under intelligent fuzzy 
environment. Before proceeding with the multi-criteria 
decision-making model (MCDM), authors try to build a 
co-relation among decision support systems (DSS), 
decision theories and fuzziness of information. The so-
relation shows the necessity of incorporating decision 
makers’ (DM) level-of-satisfaction in MCDM models. 
Later, the authors introduce an MCDM model 
incorporating different cost factor components and the 
said level-of-satisfaction parameter. In a later paper, the 
authors elucidate an application as well as validation of 
the devised model. 
 
Nomenclature 
 
D: Decision matrix 
A: Pair-wise comparison matrix among criteria (m x n) 
m: Number of criteria 
n: Number of alternatives of the pair-wise comparison 
matrix 

max
! : Principal eigen-value of ‘A’ matrix 
PV: Priority Vector 
I.I.: Inconsistency Index of ‘A’ matrix 
R.I.: Random inconsistency Index of ‘A’ matrix 
I.R.: Inconsistency Ratio of ‘A’ matrix 
α: Level of satisfaction of DM 

OFM: Objective Factor Measure 
SFM: Subjective Factor Measure 
OFC: Objective Factor Cost 
SI: Selection Index. 
γ: Fuzzy parameter which measures the degree of vague-
ness, γ = 0 indicates crisp. 
 
1. Introduction 
1.1 DSS and its Components 
 
Decision support systems (DSS) can be defined as a 
computer-based information system that aids a decision 
maker in making decisions for semi-structured problems. 
Numerous definitions to DSS exist. The earliest definitions 
of DSS [19] identify DSS as systems to support managerial 
decision makers in unstructured or semi-unstructured 
decision situations. Ginzberg and Stohr [17] propose DSS 
as “a computer-based information system used to support 
decision making activities in situations where it is not 
possible or not desirable to have an automated system 
perform the entire decision process”. However, the most 
apt working definition is provided by Turban [37]. 
According to Turban [37] “a DSS is an interactive, 
flexible, and adaptable computer based information system 
that utilizes decision rules, models, and model base 
coupled with a comprehensive database and the decision 
maker’s own insights, leading to specific, implementable 
decisions in solving problems that would not be amenable 
to management science models per se. Thus, a DSS 
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supports complex decision making and increases its 
effectiveness”. Alter [2] explores the assumption that 
stripping the word "system" from DSS, focusing on 
decision support, and using ideas related to the work 
system method might generate some interesting directions 
for research and practice. Some of these directions fit 
under the DSS umbrella and some seem to be excluded 
because they are not directly related to a technical artefact 
called a DSS [2]. Alter [2] suggests that “decision support 
is the use of any plausible computerized or non-
computerized means for improving sense making and/or 
decision making in a particular repetitive or non-repetitive 
business situation in a particular organization”.  
 
However, main objectives of DSS can be stated as: 
 

(i) to provide assistance to decision makers in 
situations which are semi-structured; 

(ii) to identify plans and potential actions to 
resolve problems, and 

(iii) to rank the solutions identified which can be 
implemented and provide a list of viable 
alternatives. 

 
DSS attempts to bring together and focus a number of 
independent disciplines. These are: 
 

(i) Operations Research (OR) 
(ii) Management science (MS) 
(iii) Database technology 
(iv) Artificial Intelligence (AI) 
(v) Systems engineering and 
(vi) Decision analysis 
 

Artificial intelligence is a field of study that attempts to 
build software systems exhibiting near-human 
“intellectual” capabilities. Modern works on AI are 
focused on Fuzzy logic, artificial neural networks (ANN) 
and genetic algorithms (GA). These works, when 
integrated with DSS, enhance performance of making 
decisions. AI systems are used in creating intelligent 
models, analysing models intelligently, interpreting results 
found from models intelligently and choosing models 
appropriately for specific applications. 
 
Decision analysis may be divided into two major areas. 
The first, descriptive analysis, is concerned with 
understanding how people actually make decisions. The 
second, normative analysis, attempts to prescribe how 
people should make decisions. Both are the issues of 
concern to DSS. The central aim of decision analysis is 
improving decision-making processes.  
 
Decisions, in general, are classified into three major 
categories: 
 

(i) structured decisions, 
(ii) unstructured decisions, and 
(iii) semi-structured decisions. 

 
Structured decisions are those decisions where all the steps 
of decision-making are well structured. Computer code 

generation is comparatively easy for these types of 
decisions. 
 
In unstructured decisions none of the steps of decision-
making are structured. AI systems are being built up to 
solve the problems of unstructured decisions. 

 
Semi-structured decisions comprise characteristics of 
structured and unstructured decisions. 
 
The DSS framework contains two types of components, 
which may be used either individually or in tandem. The 
first component is a multi-objective programming (MOP) 
model, which employs mathematical programming to 
generate alternative mitigation plans. Typically, an MOP 
model must be formulated for the specific problem at 
hand, but once formulated can be solved on a computer 
using commercially available software. The second 
component is a multi-criteria decision-making (MCDM) 
model, used for evaluating decision alternatives which 
have been generated either by the MOP model or by some 
other method. MCDM models are typically “shells” which 
can be applied to a wide range of problem types. A variety 
of MCDM methodologies exist, some of which are 
available in the form of commercial software. A 
manufacturing information system can also be used in 
conjunction with the DSS, for both managing data and for 
compiling decisions of alternative plans generated by the 
DSS. 
 
1.2 Decision-Making Processes 
 
Strategic, tactical and operative decisions are made on the 
various aspects of business operations. The vision of an 
industrial enterprise must take into consideration the 
possible changes in its operational environment, strategies 
and the leadership practices. Decision-making is supported 
by analyses, models, and computer-aided tools. 
Technological advances have an impact on the business of 
industrial enterprises and their uses of new innovations. 
Industrial innovations contribute to increased productivity 
and the diversification of production and products; they 
help to create better, more challenging jobs and to 
minimize risks.  
 
Long-term decisions have an impact on process changes, 
functional procedures and maintenance and also on safety, 
performance, costs, human factors and organisations. 
Short-term decisions deal with daily actions and their risks. 
Decision-making is facilitated by an analysis that 
incorporates a classification of one’s own views, 
calculating numerical values, translating the results of 
analysis into concrete properties and a numerical 
evaluation of the properties. One method applied for this 
purpose is the Analytic Hierarchy Process (AHP) model 
[31].  This model, which has many features in common 
with the other multi-criteria decision-making models 
(MCDM) applied in the present research work, is suited 
for manufacturing decision-making processes that aims at 
making the correct choices both in the short and the long 
term. 
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1.3 Multiple-Criteria Decision-Making 
(MCDM) 
 
According to Agrell [1], MCDM offers the methodology 
for decision-making analysis when dealing with multiple 
objectives. This may be the case when the success of the 
application depends on the properties of the system, the 
decision-maker and the problem. Problems with 
engineering design involve multiple criteria: the 
transformation of resources into artefacts, a desire to 
maximize performance, and the need to comply with 
specifications. 
 
The MCDM methodology can be used to increase 
performance and decrease manufacturing costs and delays 
of enterprises. The Multiple-Criteria Decision Support 
System (MC-DSS) uses the MCDM methodology and 
ensures mathematical efficiency. The system employs 
graphical presentations and can be integrated with other 
design tools. Modelling and analysing complex systems 
always involve an array of computational and conceptual 
difficulties, whereas a traditional modelling approach is 
based primarily on simulation and concepts taken from 
control theory. 
 
The strength of the MCDM lies in the systematic and 
quantitative framework it offers to support decision-
making. Comprehensive tuning or parametric design of a 
complex system requires elaboration on utilizing the 
modelling facilities of system dynamics and the interactive 
decision-making support of the MCDM. 
 
Most experienced DMs do not rely on a theory to make 
their decisions because of cumbersome techniques 
involved in the process of making decisions. But analytic 
decision-making is of tremendous value when the said 
analytic process involves simple procedures and accessible 
to the lay user as well as it possesses meaningful scientific 
justification of the highest order [32].  

 
The benefits of descriptive analytical approaches for 
decision-making are [32]: 
 

(i) to permit DMs to use information relating to 
decision-making in morphological way of 

thoroughly modelling the decision and to make 
explicit DMs’ tactical knowledge; 

(ii) to permit DMs to use judgements and observations 
in order to surmise relations and strengths of 
relations in the flow of interacting forces moving 
from the general to the particular and to make 
predictions of most likely outcomes; 

(iii)  to enable DMs to incorporate and trade off attribute 
values;  

(iv) to enable DMs to include judgements that result 
from intuition, day-to-day experiences as well as 
those that result from logic; and 

(v) to allow DMs to make gradual and more thorough 
revisions and to combine the conclusions of 
different people studying the same problem in 
different places. 

 

1.4 Information vis-à-vis MCDM Theories 
 
Information is a system of knowledge that has been 
transformed from raw “data” into some meaningful form. 
Data are the raw materials for information. Data are also 
expressions of “events”. Information has value in current 
or prospective decision-making at specified time and place 
for taking appropriate “action” resulting in evaluation of 
“performance”. In this context attention is drawn to Figure 
1.  
 
The terms data and information are often used 
interchangeably, but there is a distinction in that. Data are 
processed to provide information and the information is 
related to decision-making [15]. A schematic diagram 
illustrating relationship between data and information is 
shown in Figure 2. If there is no need for making 
decisions, information would be unnecessary. 
 
Information is the currency of the new economy. Yet most 
of the real-world cases lack the means to effectively 
organize and distribute the information their employees 
need to make quick, smart business decisions. Structured, 
personalized, self-serve-way to access information and 
collaborate across departmental and geographical 
boundaries are the basic needs for making a good decision. 
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Figure 1: Generation and utilisation of information 
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1.5 Hidden Parameters in Information 
 
1.5.1 Uncertainty in Information 
 
Uncertainty permeates understanding of the real world. 
The purpose of information systems is to model the real 
world. Hence, information systems must be able to deal 
with uncertainty. 
Many information systems include capabilities for dealing 
with some kinds of uncertainty. For example, database 
systems can represent missing values, information retrieval 
systems can match information to requests using a “weak” 
matching algorithm, and expert systems can represent rules 
that are known to be true only for “most” or “some” of the 
time. By and large, commercial information systems (e.g., 
database systems, information retrieval systems, expert 
systems) have been slow to incorporate capabilities for 
dealing with uncertainty. 
 
Uncertainty also has a long history of being associated 
with decision-making research as Harris [20] notes: 

“Decision-making is the process of sufficiently 
reducing uncertainty and doubt about alternatives to 
allow a reasonable choice to be made from among 
them. This definition stresses the information 
gathering function of decision-making. It should be 
noted here that uncertainty is reduced rather than 
eliminated. Very few decisions are made with 
absolute certainty because complete knowledge 
about all the alternatives is seldom possible.” 

Researchers in various fields have also been concerned 
with the relationship between uncertainty and information 
seeking. In information science, the idea of uncertainty 
underlies all aspects of information seeking and searching. 
Kuhlthau [21] has proposed uncertainty as a basic 
principle for information seeking, defining uncertainty as: 
"…a cognitive state which commonly causes affective 
symptoms of anxiety and lack of confidence." and, drawing 
upon her research, noting that: "Uncertainty and anxiety 
can be expected in the early stages of the information 
search process… Uncertainty due to a lack of 
understanding, a gap in meaning, or a limited construct 
initiates the process of information seeking." 
 
One of the biggest challenges for a manufacturing 
decision-maker is the degree of uncertainty in the 

information that he or she has to process. In making some 
decisions this is especially obvious when experts in the 
same area provides conflicting opinions on the attributes 
meant for making decisions. Disagreement among experts 
making decisions results in conflicting effects information. 
The decision-maker is likely to place increased importance 
on the source of the information. This in itself is not 
surprising, but the battle of the credentials that follows 
perhaps is. There seems to be a danger that the decision-
maker may come to rely on the reputation of an expert, 
rather than ensuring thorough scrutiny of the information 
that he or she has provided.  

 
Actors in the decision-making process may use uncertainty 
in the effects, information as a means to promote their 
attributes. A proponent can try to downplay the effects of a 
development because they may not occur, whereas those in 
opposition may attempt to stall a project claiming that the 
disputed effects are likely to happen, and are serious in 
nature. The decision-maker is then left with the difficult 
task of navigating these disparities to come to a decision. 
Especially in the face of uncertainty, there seems to be a 
human tendency to make personal observations the 
deciding factor. 
 
1.5.1.1  Sources of Uncertainty 
 
Uncertainties are solely due to the unavailability of 
“perfect” information. Uncertainty might result from using 
unreliable information sources, for example, faulty reading 
instruments, or input forms that have been filled-out 
incorrectly (intentionally or inadvertently). In other cases, 
uncertainty is a result of system errors, including input 
errors, transmission “noise”, delays in processing update 
transactions, imperfections of the system software, and 
corrupted data owing to failure or sabotage. At times, 
uncertainty is the unavoidable result of information 
gathering methods that require estimation or judgement.  

 
In other cases, uncertainty is the result of restrictions 
imposed by the model. For example, if the database 
schema permits storing at most two occupations per 
employee, descriptions of occupation would exhibit 
uncertainty. Similarly, the sheer volume of the information 
that is necessary to describe a real world object might 
force the modeller to turn to approximation and sampling 
techniques. 
 

 
Data Processing 
 
 

Data Information 

Figure 2: Converting raw data by an information system into useful information 
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1.5.1.2  Degree of Uncertainty 
 
The relevant information that is available in the absence of 
certain information may take different forms, each 
exhibiting a different level of uncertainty. Uncertainty is 
highest when the mere existence of some real world object 
is in doubt. The simplest solution is to ignore such objects 
altogether. This solution, however, is unacceptable if the 
model claims to be closed world (i.e., objects not modelled 
do not exist). 
 
Uncertainty is reduced somewhat when each element is 
assigned a value in a prescribed range, to indicate the 
certainty that the modelled object exists. When the element 
is a fact, this value can be interpreted as the confidence 
that the fact holds; when it is a rule, this value can be 
interpreted as the strength of the rule (percent of cases 
where the rule applies). 
 
Now it is assumed that “existence” is assured, but some or 
all of the information with which the model describes an 
object is unknown. Such information has also been 
referred to as incomplete, missing or unavailable. 
 
Uncertainty is reduced when the information that describes 
an object is known to come from a limited set of 
alternatives (possibly a range of values). This uncertainty 
is referred to as disjunctive information. Note that when 
the set of alternatives is simply the entire “universe”, this 
case reverts to the previous (less informative) case. 
 
Uncertainty is reduced even further when each alternative 
is accompanied by a number describing the probability that 
it is indeed the true description (and the sum of these 
numbers for the entire set is 1). In this case, the uncertain 
information is probabilistic. Again, when the probabilities 
are unavailable, probabilistic information becomes 
disjunctive information. 
 
Occasionally, the information available to describe an 
object is descriptive rather than quantitative. Such 
information is often referred to as fuzzy or vague 
information. 
 
1.5.2  Vagueness in Information 
 
Russell [30] attributes vagueness to being mostly a 
problem of language. Of course, language is part of the 
problem, but it is not the main problem. There would still 
be vagueness even if we had a very precise, logically 
structured, language. The principal source of vagueness 
seems to be in making discreet statements about 
continuous phenomenon. According to Russell [30], 
“Vagueness in a cognitive occurrence is a characteristic 
of its relation to that which is known, not a characteristic 
of the occurrence in itself”. Russell [30] adds, 
“Vagueness, though it applies primarily to what is 
cognitive, is a conception applicable to every kind of 
representation”. 
 
Surprisingly, Wells [43] was amongst the first to suggest 
the concept of vagueness: 

 
“Every species is vague, every term goes cloudy at 
its edges, and so in my way of thinking, relentless 
logic is only another name for stupidity — for a sort 
of intellectual pigheadedness. If you push a 
philosophical or metaphysical enquiry through a 
series of valid syllogisms — never committing any 
generally recognized fallacy — you nevertheless 
leave behind you at each step a certain rubbing and 
marginal loss of objective truth and you get 
deflections that are difficult to trace, at each phase 
in the process. Every species waggles about in its 
definition, every tool is a little loose in its handle, 
every scale has its individual”. 
 

In real-world problems there is always a chance of getting 
introduced vagueness factor when information deals in 
combination with both cardinal and ordinal measures. It 
should always be remembered that reduction of vagueness 
is to be addressed in a situation where decision alternatives 
are well inter-related and have both cardinal and ordinal 
criteria for selection.  
 
1.5.2.1  Sources of Vagueness 
 
Linguistic expressions in classical decision-making 
processes incorporate un-quantifiable, imperfect, non-
obtainable information and partially ignorant facts. Data 
combining both ordinal and cardinal preferences in real-
world decision-making problems are highly unreliable and 
both contain certain degree of vagueness. Crisp data often 
contains some amount of vagueness and therefore, needs 
attention of DMs in order to achieve a lesser degree of 
vagueness inherent. 
 
The purpose of decision-making processes is best served 
when imprecision is communicated as precisely as 
possible, but no more precisely than warranted. 
 
2. Prior works on Fuzzy-MCDM for 
selecting best candidate-alternative 
 
The available literature on MCDM tackling fuzziness is as 
broad as it is diverse. Literature contains several proposals 
on how to incorporate the inherent uncertainty as well as 
vagueness associated with the decision-maker’s knowledge 
into the model [3, 4, 5, 33]. The analytic hierarchy process 
(AHP) [34, 35] literature, in this regard, is also vast. 
 
There has been a great deal of interest in the application of 
fuzzy sets to the representation of fuzziness and 
uncertainty in management decision models [12, 14, 16, 
18, 22, 24, 25, 47, 49]. Some approaches were made to 
handle with the uncertainties of MCDM problems. 
Bellman and Zadeh [7] have shown fuzzy set theory’s 
applicability to MCDM study. Yager and Basson [44] and 
Bass and Kwakernaak [6] have introduced maximin and 
simple additive weighing model using membership 
function (MF) of the fuzzy set. Most of the recent literature 
is filled with mathematical proofs.  
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A DM needs an MCDM assessment technique in regard of 
its fuzziness that can be easily used in practice. An 
approach was taken earlier by Marcelloni and Aksit [27]. 
Their aim was to model inconsistencies through the 
application of fuzzy logic-based techniques. Boucher and 
Gogus [11] examined certain characteristics of judgement 
elicitation instruments appropriate to fuzzy MCDM. In 
their work the fuzziness was measured using a gamma 
function.  
By defining a DM's preference structure in fuzzy linear 
constraint (FLC) with soft inequality, one can operate the 
concerned fuzzy optimization model with modified S-
curve smooth MF to achieve the desired solution [42]. One 
form of logistic MF to overcome difficulties in using a 
linear membership function in solving a fuzzy decision-
making problem was proposed by Watada [42]. However, 
it is expected that a new form of logistic membership 
function based on non-linear properties can be derived and 
its flexibility in fitting real-life problem parameters can be 
investigated. Such a formulation of a non-linear logistic 
MF was presented in this work and its flexibility in taking 
up the fuzziness of the parameter in a real-life problem 
was demonstrated. 
 
Carlsson and Korhonen [13] have illustrated, through an 
example, the usefulness of a formulated MF, viz., an 
exponential logistic function. Their illustrated example 
was adopted to test and compare a non-linear MF [26]. 
Such an attempt using the said validated non-linear MF 
and comparing the results was made by Vasant et al. [41]. 
Comprehensive tests based on a real-life industrial 
problem have to be undertaken on the newly developed 
membership function in order to further prove its 
applicability in fuzzy decision-making [39, 40, 41]. To test 
the newly formulated MF in problems as stated above, a 
software platform is essential. In this work MATLAB® has 
been chosen as the software platform using its M-file for 
greater flexibility. 
 
In the past, studies on decision-making problems were 
considered on the bipartite relationship of the decision-
maker and analyst [36]. This is with the assumption that 
the implementers are a group of robots that are 
programmed to follow instructions from the decision-
maker. This notion is now outdated. Now tripartite 
relationship is to be considered, as shown on Figure 3, 
where the decision maker, the analyst and the implementer 
will interact in finding fuzzy satisfactory solution in any 
given fuzzy system. This is because the implementers are 
human beings and they have to accept the solutions given 

by the decision maker to be implemented under turbulent 
environment. 
 
In case of tripartite fuzzy systems the decision maker will 
communicate and describe the fuzzy problem with an 
analyst. Based on the data that are provided by the decision 
maker, the analyst will formulate MFs, solve the fuzzy 
problems and provide the solution back to the decision-
maker. After that, the decision-maker will provide the 
fuzzy solution with a trade-off to the implementer for 
implementation. An implementer has to interact with 
decision-maker to obtain an efficient and highly productive 
fuzzy solution with a certain degree of satisfaction. This 
fuzzy system will eventually be called as high productive 
fuzzy system [29]. A tripartite relationship, decision 
maker-analyst-implementer, is essential to solve any 
industrial problem.  
 
The following criticisms of the existing literatures, in 
general, are made after a study on the existing vast 
literature on the use of various types of MFs in finding out 
fuzziness patterns of MCDM methodologies: 
 

(i) Data combining both ordinal and cardinal 
preferences contain non-obtainable information and 
partially ignorant facts. Both ordinal and cardinal 
preferences contain certain degree of fuzziness and 
are highly unreliable, unquantifiable and imperfect; 

(ii) Simplified fuzzy MFs, viz., trapezoidal and 
triangular and even gamma functions, are not able 
to bring out real-world fuzziness patterns in order to 
elucidate degree of fuzziness inherent in MCDM 
model; 

(iii) Level of satisfaction of the DMs’ should be judged 
through a simple procedure while making decisions 
through MCDM models; and 

(iv) An intelligent tripartite relationship among DM, 
analyst and implementer is essential, in conjunction 
to a more flexible MF design, to solve any real-
world MCDM problem. 

 
Among many diversified objectives of the present work, 
one objective is to find out fuzziness patterns of the 
candidate-alternatives having disparate level-of-
satisfaction in MCDM model. Relationships among the 
degree of fuzziness, level-of-satisfaction and the selection-
indices of MCDM model guide DMs under tripartite fuzzy 
environment in obtaining their choice trading-off with a 
pre-determined allowable imprecision. Another objective 
of the present work is to provide a robust, quantified 

Decision Maker 

Analyst Implementer 

Figure 3. Tripartite relationship for MCDM problems 
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monitor of the level-of-satisfaction among DMs and to 
calibrate these levels of satisfaction against DMs’ 
expectations. Yet another objective is to provide a practical 
tool for further assessing the impact of different options 
and available courses of action. 
 
3. Components of the MCDM Model 
 
The proposed MCDM model considers fuzziness pattern in 
disparate level-of-satisfaction of the DM. The model 
outlines a MF for evaluating degree of fuzziness hidden in 
the eqn. (1). AHP provides the DM’s with a vector of 
priorities (PV) to estimate the expected utilities of each 
candidate-FMS. 
 
A mathematical model was proposed by Bhattacharya et 
al. [9, 10] to combine cost factor components with the 
importance weightings found from AHP. The governing 
equation of the said model is: 
 

 = [(   ) + (1 - )  ]
i i i

SI SFM OFM! !" "  (1) 
 

where, 
1

1

1
 = 

[   ]
i n

i

i

OFM

OFC OFC
!

=

" #
 (2) 

 

OFM = Objective Factor Measure, 
 OFC = Objective Factor Cost, 
 SFM = Subjective Factor Measure, 
 SI = Selection Index, 
 α = Objective factor decision weight, and 
 n = Finite number of candidate-alternative. 
 
In the said model, AHP plays a crucial role. AHP is a multi 
criteria decision-making (MCDM) method and it refers to 
making decisions in the presence of multiple, usually 
conflicting, criteria. A criterion is a measure of 
effectiveness. It is the basis for evaluation. Criteria emerge 
as a form of attributes or objectives in the actual problem 
setting. In reality, multiple criteria usually conflict with 
each other. Each objective / attribute has a different unit of 
measurement. Solutions to the problems by AHP are either 
to design the best alternative or to select the best one 
among the previously specified finite alternatives. 
 
For assigning the weights to each of the attributes as well 
as to the alternative processes for constructing the decision 
matrix and pair-wise comparison matrices, the phrases like 

“much more important” is used to extract the decision 
maker's preferences. Saaty [35] gives an intensity scale of  
importance  (refer to Table 1)   and  has 
broken down the importance ranks. 
 
In AHP the decision matrix is always a square matrix. 
Using the advantage of properties of eigen-values and 
eigen-vectors of a square matrix, level of inconsistency of 
the judgmental values assigned to each elements of the 
matrix is checked. 
 
In this paper the proposed methodology is applied to 
calculate the priority weights for functional, design factors 
and other important attributes by eigen vector method for 
each pair-wise comparison matrices. Next, global priorities 
of various attributes rating are found by using AHP. These 
global priority values are used as the subjective factor 
measures (SFM) in the eqn (1). The pair-wise comparison 
matrices for five different factors are constructed on the 
basis of Saaty’s nine-point scale (refer to Table 1). The 
objective factors, i.e., objective factors measures (OFM) 
and objective factor components (OFC) are calculated 
separately by using cost factor components.  
 
In the mathematical modelling for finding the SFMi values 
decomposition of the total problem (factor-wise) into 
smaller sub-problem has been done. This is done so that 
each sub-problem can be analysed and appropriately 
handled with practical perspectives in terms of data and 
information. The objective of decomposition of the total 
problem for finding out the SFM values is to enable a pair-
wise comparison of all the elements on a given level with 
respect to the related elements in the level just above. 
 
The proposed algorithm consists of a few steps of 
calculations. Prior to the calculation part, listing of the set 
of candidate-alternative is carried out. Next, cost 
components of the candidate-alternatives are quantified. 
Factors, on which the decision-making is based, are 
identified as intrinsic and extrinsic. A graphical 
representation depicting the hierarchy of the problem in 
terms of overall objective, factors and number of 
alternatives is to be developed. Next, follows the assigning 
of the judgmental values to the factors as well as to the 
candidate-alternatives to construct the decision matrix and 
pair-wise comparison matrices respectively. 
 
A decision matrix is constructed by assigning weights to 
each of the factors based on the relative importance of its 

 
Intensity scale Interpretation 

1 
3 
5 
7 
9 

2, 4, 6, 8 

Equally important 
Moderately preferred 
Essentially preferred 
Very strongly preferred 
Extremely preferred 
Intermediate importance between two adjacent judgments 

Table 1. The nine-point scale of pair-wise comparison 
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contribution according to a nine-point scale (refer to Table 
1). Assigning the weights to each of the candidate-
alternatives for each factor follows the same logic as that 
of the decision matrix. This matrix is known as pair-wise 
comparison matrix. The PV values are determined then for 
both the decision and pair-wise comparison matrices. The 
max

!  for each matrix may be found by multiplication of 
sum of each column with the corresponding PV value and 
subsequent summation of these products. 
 
There is a “check” in the judgmental values given to the 
decision and pair-wise comparison matrices for revising 
and improving the judgments. If I.R. is greater than 10%, 
the values assigned to each element of the decision and 
pair-wise comparison matrices are said to be inconsistent. 
For I.R. < 10%, the level of inconsistency is acceptable. 
Otherwise the level of inconsistency in the matrices is high 
and the decision-maker is advised to revise the judgmental 
values of the matrices to produce more consistent matrices. 
It is expected that all the comparison matrices should be 
consistent. But the very root of the judgment in 
constructing these matrices is the human being. So, some 
degree of inconsistency of the judgments of these matrices 
is fixed at 10%. 
 
Calculation of I.R. involves I.I., R.I. and I.R. These are 
evaluated from equations 3, 4 and 5 respectively. 
 

max(  -  )
I.I. = 

(   -  1)

n

n

!
 (3) 

[1.98 x (  - 2)]
R.I. = 

n

n

 (4) 

I.I.
I.R. = 

R.I.
 (5) 

 
The OFMi values are determined by eqn (6). 
 

1

i i

1 i

1
OFM  [OFC  x ]

OFC

n

i

!

=

= "  (6) 

 
The SFMi values are the global priorities for each 
candidate-alternative. SFMi may be found by multiplying 
each of the decision matrix PV value to each of the PV 
value of each candidate-alternative for each factor. Each 
product is then summed up for each alternative to get 
SFMi. 
 
For an easy demonstration of the proposed fuzzified 
MCDM model, efforts for further fuzzification are 
confined assuming that differences in judgemental values 
are only 5%. Therefore, the upper bound and lower bound 
of SFMi as well as SIi indices are to be computed within a 
range of 5% of the original values. In order to avoid 
complexity in delineating the technique proposed 
hereinbefore we have considered 5% measurement. One 
can fuzzify the SFMi values from the very beginning of the 
model by introducing modified S-curve MF in AHP and 
the corresponding fuzzification of SIi indices can also be 

carried out using the holistic approach used in equation 
(1). 
 
The set of candidate-alternatives are then ranked according 
to the descending order of SIi indices (refer to eqn 7). 
 
 
 (7) 
 
 
In this work, a monotonically non-increasing logistic 
function has been used as a membership function: 
 
 
 (8) 
 
 
where α is level-of-satisfaction of the DM; B and C are 
scalar constants and γ, 0 < γ < ∞ is a fuzzy parameter 
which measures the degree of vagueness (fuzziness), 
wherein γ = 0 indicates crisp. Fuzziness becomes highest 
when γ  ∞. 
 
The generalized logistic membership function is defined 
as: 
 
 
 (9) 
 
 
 
To fit into the MCDM model in order to sense its degree of 
fuzziness the eqn. (9) is modified and re-defined as 
following: 
 
 
 
 
 (10) 
 
 
 
 
 
In eqn. (10) the membership function is redefined as 0.001 
≤ µ (x) ≤ 0.999. This range is selected because in real-
world situation the work force need not be always 100% of 
the requirement. At the same time the work force will not 
be 0%. Therefore there is there is a range between x0 and 
x1 with 0.001 ≤ µ(x) ≤ 0.999. This concept of range of  
µ(x) is used in this Chapter. 
 
Choice of level-of-satisfaction of the DM, i.e. α, is an 
important issue. It is the outcome of the aggregate decision 
of design engineer, production engineer, maintenance 
engineer and capital investor of a manufacturing 
organization. However, the selection of candidate-
alternative may give different sets of result for different 
values of α for the same attributes and cost factor 
components. That’s why proposed model includes fuzzy-
sensitivity plots to analyse the effect of α as well as degree 
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of fuzziness, γ, in the candidate-alternative selection 
problem. 
 
4. Formulation of the Intelligent 
Fuzzified MCDM Model 
 
4.1 Membership Function  
 
There are 11 in-built membership functions in the 
MATLAB® fuzzy toolbox. In the present study a modified 
version of No.7 MF has been used. All the built-in MF 
includes 0 and 1. In the present work 0 and 1 have been 
excluded and the S-shaped membership function has been 
extensively modified accordingly.  
 
As mentioned by Watada [42], trapezoidal MF will have 
some difficulties such as degeneration, i.e., some sort of 
deterioration of solution, while introducing in fuzzy 
problems. In order to solve the issue of degeneration, we 
should employ a non-linear logistic function such as a 
tangent hyperbolic that has asymptotes at 1 and 0.  
 
In the present work, we employ the logistic function for 
the non-linear membership function as given by:  

( )
1 !

=
+

x

B
f x

Ce
,  (11)

   
where  B  and   C  are scalar constants and γ, 0 < γ < ∞ is a 
fuzzy parameter which measures the degree of vagueness, 
wherein γ = 0 indicates crisp. Fuzziness becomes highest 
when γ → ∞.  
 
Equation (11) will be of the form as indicated by Fig. 4 
when 0 < γ < ∞. 
 

 
 

Figure 4. Variation of logistic MF with respect to 
 fuzzy parameter, !  (where m2 > m1) 

 
The reason why we use this function is that, the logistic 
MF has similar shape as that of tangent hyperbolic 
function employed by Leberling [23], but it is more 
flexible [8] than the tangent hyperbola. It is also known 
that a trapezoidal MF is an approximation to a logistic 
function. Therefore, the logistic function is very much 
considered as an appropriate function to represent vague 

goal level. This function is found to be very useful in 
making decisions and implementation by decision maker 
and implementer [26, 48, 49]. Moreover, to avoid linearity 
in the real life application problems, especially in 
industrial engineering problems, a non-linear function such 
as modified MF can be used. This MF is used when the 
problems and its solutions are independent [38]. It should 
be emphasized that some non-linear MFs such as S-curve 
MFs are much more desirable for real life application 
problems than that of linear MFs. 
 
The logistic function, equation (11) is a monotonically 
non-increasing function, which will be employed as fuzzy 
MF. This is very important because, due to uncertain 
environment the availability of the variables are 
represented by degree of fuzziness. The said MF can be 
shown to be non-increasing as  

 
2(1 )

!

!

"
=

+

x

x

df BC e

dx Ce
 (12) 

 
A MF is flexible when it has vertical tangency, inflexion 
point and asymptotes. Since B, C, γ and x are all greater 
than zero, df/dx ≤ 0. Furthermore it can be shown that 
equation (11) has asymptotes at f(x) = 0 and f(x) = 1 at 
appropriate values of B and C. This implies:  

– lim 0
x

df

dx!"
=  and 

0

lim 0
x

df

dx!
= . 

 
These can be proved as follows. 
 

From equation (12) one gets 

 lim
x

df

dx!"

"
= #

"
. 

 
Therefore, using L’hopital’s rule one obtains 

 lim lim
2(1 )!

!

"# "#
= $

+
xx x

df B

dx Ce
= 0.  (13) 

 As x → 0, the situation is less vague and hence γ → 0. 
 

From equation (12) one gets  

 
20

lim 0
(1 )

!

"
= # =

+x

df BC

dx C
, when γ → 0.  (14) 

 
In addition to the above, it can be shown that the logistic 
function equation has a vertical tangent at x = x0, x0 is the 
point where f(x0) = 0.5. Further it can also be shown that 
the said logistic function has a point of inflexion at x = x0, 
such that f”(x0) = ∞, f”(x) being the second derivative of 
f(x) with respect to x. A MF of S-curve nature, in contrast 
to linear function, exhibits the real life problem. 
 
The generalized logistic MF is defined as: 
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The S-curve MF is a particular case of the logistic function 
defined in equation (15). The said S-curve MF has got 
specific values of B, C and γ. The logistic function as 
defined in equation (11) was indicated as S-curve MF by 
Zadeh [45, 46]. 
 
4.2 Design of Modified, Flexible S-curve MF  
 
To fit into the MCDM model in order to sense its degree of 
fuzziness the equation (15) is modified and re-defined as 
follows: 
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  (16) 

 
Fig. 5 shows the modified S-curve MF. 
 
We rescale the x-axis as xa = 0 and xb = 1 in order to find 
the values of B, C and γ. 
 
Novakowska [28] has performed such a rescaling in his 
work of social sciences. 
 
The values of B, C and γ are obtained from equation (16) 
as  
 
 B = 0.999 (1 + C)  (17) 

 

! 

B

1+Ce
T

= 0.001   (18) 

 
By substituting equation (17) into equation (18) one gets 

 

! 

0.999(1+C)

1+Ce
T

= 0.001  (19) 

 
Rearranging equation (19) one gets 
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Since, B and γ depend on C, one requires one more 
condition to get the values for B, C and γ.   
 

Let, when 
2

0

ba
xx

x
+

= , µ(x0) = 0.5. Therefore, 
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2
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and hence  
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Substituting equation (20) and equation (21) in to equation 
(22), we obtain 
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2 ln
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which in turn yields 
 

! 

0.998+1.998C( )
2

=C 998+999C( )   (24) 
 
Equation (24) is solved and it is found that  
 

! 

C =
"994.011992 ± 988059.8402 + 3964.127776

1990.015992
  (25) 

 
Since C has to be positive, equation (22) gives 
C=0.001001001 and from equations (17) and (22) one gets 
B = 1 and γ = 13.81350956.  
 

1.0 

0.999 

0.5 

0.001 

0 xa x0 xb x 

µ(x) 

Figure 5. Modified S-curve Membership Function 
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Thus, it is evident from the preceding sections that the 
flexible, modified S-curve MF can be more easily handled 
than other non-linear MF such as tangent hyperbola. The 
linear MF such as trapezoidal MF is an approximation 
from a logistic MF and based on many idealistic 
assumptions. These assumptions contradict the realistic 
real-world problems. Therefore, the S-curve MF is 
considered to have more suitability in sensing the degree 
of fuzziness in the fuzzy-uncertain judgemental values of a 
DM. The modified S-curve MF changes its shape 
according to the fuzzy judgemental values of a DM and 
therefore a DM finds it suitable in applying his/her strategy 
to MCDM problems using these judgemental values. 
 
Thus the proposed S-shaped membership function is 
flexible due to its following characteristics: 

(i) µ(x) is continuous and strictly monotonously 
non-increasing; 

(ii) µ(x) has lower and upper asymptotes at   µ(x) 
= 0 and  µ(x) = 1  as  x → ∞ and  x → 0, 
respectively; 

(iii) µ(x) has inflection point at: 

! 

x0 =
1

"
ln(2+

1

C
) with A =1+C ;  

 
The fuzzy intelligence of the proposed MCDM model is 
incorporated under tripartite environment. A fuzzy rule-
based decision (if-then rule) is incorporated in the 
algorithm to sense the fuzziness patterns under disparate 
level-of-satisfaction of the DM. The aim is to produce a 
rule that works well on previously unseen data. 
 
In the next paper it will be demonstrated how to compute 
the degree of fuzziness and level-of-satisfaction and a 
correlation among degree of fuzziness having disparate 
level-of-satisfaction and the selection indices will also be 
elucidated to guide the DM in selecting the best candidate-
alternative under un-structured environment. 
 
5. Conclusion 
 
The proposed MCDM model shows how to measure a 
parameter called “level-of-satisfaction” of the DM while 
making any kind of decision. “Level-of-satisfaction” is a 
much-quoted terminology in classical as well as modern 
economics. Till date authors are not aware of any reported 
research work in which level-of-satisfaction has been 
measured with a rigorous mathematical logic. The 
proposed model is one-of-a-kind solution to incorporate 
the “level-of-satisfaction” of DM. Other solution can also 
be made with many sophisticated tools, like some 
approximation tool using neuro-fuzzy hybrid models. The 
strength of the proposed MCDM methodology lies in 
combining both cardinal and ordinal information to get 
eclectic results from a complex, multi-person and multi-
period problem hierarchically. The methodology proposed 
in this Chapter is very useful in quantifying the intangible 
factors in a well manner and in finding out the best among 
the alternatives depending upon their cost factors. Contrary 
to the traditional way of selection using Discounted Cash 
Flow (DCF), this methodology is a sound alternative to 
apply under unstructured environment. 

There may be some weaknesses due to non-availability of 
experts’ comments, i.e., judgmental values. Comparison 
among various similar types of systems is the opportunity 
of the proposed model. An underlying threat is associated 
with the proposed model that illogical decisions and mis-
presentation of experts’ comment may lead to wrong 
decision. 
 
The MCDM methodology proposed in this paper assumes 
that the decision is made under fuzzy environment. A 
comparative study by accommodating different measures 
of uncertainty and risk in the MADM methodology may 
also be made to judge the best-suited measure of 
uncertainty. A knowledge-based system may be developed 
based on the modified AHP. 
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Abstract 
 
There are many areas where objects with very complex 
and sometimes interdependent features are to be 
classified; similarities and dissimilarities are to be 
evaluated. This makes a complex decision model to be 
constructed effectively. Two very obvious examples, where 
such a need emerges are the economic and the medical 
field. This paper presents an algorithm for constructing a 
fuzzy signature structure by using concepts from interclass 
separability and hierarchical fuzzy systems. Fuzzy 
signature is introduced to handle complex structured data 
and interdependent features problems. Fuzzy signature 
can also used in cases where data is missing. However, 
when dealing with a very large data set, it is possible that 
they hide hierarchical structure that appears in the sub-
variable structures. The proposed fuzzy signature structure 
will be used in problems that fall into this category. With 
the use of this fuzzy signature structure, complex decision 
model in economic and medical field should be able to be 
constructed more effectively. 
 
1. Introduction 
 
Fuzzy control and decision support systems are still the 
most important applications of fuzzy theory [1,2]. This is a 
general form of expert control using fuzzy sets 
representing vague / linguistic predicates, modelling a 
system by If ... then rules. In the classical approaches of 
Zadeh [3] and Mamdani [4], the essential idea is that an 
observation will match partially with one or several rules 
in the model, and the conclusion is calculated by 
evaluation of the degree of these matches and by the use of 
the matched rules 
 

Fuzzy modelling has become very popular because of the 
main feature of its ability to assign meaningful linguistic 
labels to the fuzzy sets [5] in the rule base [6,7].  However, 
a serious problem is caused by the high computational 
time and space complexity of rule bases describing 
systems with multiple inputs with proper accuracy. The 
complexity allows little general systems application (or 
real time control application) of classical fuzzy algorithms, 
where the inputs exceed about 6 to 10. These traditional 
fuzzy systems deal with very simple structured data, where 
the number of inputs is well defined, and values for each 
input occur for most or all data items. This further reduces 
their general applicability. 
 
Basically, fuzzy rule bases suffer from rule explosion.  The 
number of possible rules necessary is O(Tk) where K is the 
number of dimensions and T is the number of terms per 
input.  In order to increase the problems solvable by fuzzy 
rule-base systems, it is essential to reduce T, k, or both. 
Decreasing T leads to sparse fuzzy systems, i.e. fuzzy rule-
bases with “gaps” between the rules [8].  On the other 
hand, decreasing K leads to hierarchical fuzzy systems [9, 
10].  
 
The hierarchical fuzzy system is based on the following 
idea.  Often, the multi-dimensional input space X = X1 x X2 
x  … x Xk can be decomposed into some subspaces, e.g. Z0 
= X1 x X2 x  … x Xk0 (k0 < k), so that in Z0 a partition Π = 
{D1, D2, D3 } can be determined.  In each Di, a sub-rule 
base Ri can be constructed with local validity.  The 
hierarchical rule base structure becomes:  
 

R0: if Z0 is D1 then use R1 
      if Z0 is D2 then use R2 

… … 

 
… … 
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      if Z0 is Dn then use Rn 
 

R1: if Z1 is A11 then y is B11 
      if Z1 is A12 then y is B12 

… … 
   if Z1 is A1m1 then y is B1m1 

 

Rn: if Zn is An1 then y is Bn1 
      if Zn is An2 then y is Bn1 

… … 
  if Zn is Anmn then y is Bnmn 

   
The fuzzy rules in rule base R0 are termed meta-rules since 
the consequences of the rules are pointers to other sub-rule 
bases instead of fuzzy sets.  The complexity of fuzzy 
systems can be reduced when the suitable Z0 and Π are 
found such that in each sub-rule base Ri the input space Xi 
is a subspace of X / Z0 = Xk0+1 x Xk0+2 x … x Xk [11].  The 
main difficulty in the automatic construction of such 
system is largely in finding a suitable subspace Z0 and Π. 
 
Signature as abbreviated but unambiguously characteristic 
reference to data is widely used in computer based 
applications for data organization, retrieval, data mining. 
The abbreviation, conceptual clustering feature also 
suggests the use of fuzzy signatures. Fuzzy signature, as 
usual, creates a natural bridge to verbal classifications, 
human estimations. Fuzzy signatures which structure data 
into vectors of fuzzy values, each of which can be a further 
vector, are introduced to handle complex structured data 
[11, 12]. This will widen the application of fuzzy theory to 
many areas where objects are complex and sometimes 
interdependent features are to be classified and similarities 
/ dissimilarities evaluated. Often, human experts can and 
must make decisions based on comparisons of cases with 
different numbers of data components, with even some 
components missing. Fuzzy signature is created with this 
objective in mind. This tree structure is a generalisation of 
fuzzy sets and vector valued fuzzy sets in a way modelling 
the human approach to complex problems.  
 
However, when dealing with a very large data set, it is 
possible that they hide hierarchical structure that appears 
in the sub-variable structures. This paper is used to address 
problems having this characteristic, and the possible use of 
hierarchical structure in creating the fuzzy signature.  
 
2. Fuzzy Signature 
 
The original definition of fuzzy sets was [ ]1,0: !XA , 
and was soon extended to L-fuzzy sets by Goguen [13],  

 

LXA
L

!: , L being an arbitrary algebraic lattice. A 
practical special case, Vector Valued Fuzzy Sets was 
introduced by Kóczy [14], where [ ]k

kV
XA

 
1,0:, ! , and 

the range of membership values was the lattice of k-
dimensional vectors with components in the unit interval. 
A further generalisation of this concept is the introduction 

of fuzzy signatures and signature sets, where each vector 
component is possibly another nested vector (right). 
 
Fuzzy signature can be considered as special multi-
dimensional fuzzy data. Some of the dimensions are inter-
related in the sense that they form sub-group of variables, 
which jointly determine some feature on a higher level. Let 
us consider an example. Figure 1 shows a fuzzy signature 
structure. 
 
The fuzzy signature structure shown in Figure 1 can be 
represented in vector form as follow: 
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Here [ ]

1211
 xx  form a sub-group that corresponds to a 

higher level compound variable of 
1
x . [ ]

223222221
  xxx  

will then combine together to form 
22
x  and 

[ ][ ]
2322322222121

  xxxxx  is equivalent on higher level with 
[ ]

2232221
  xxxx = . Finally, the fuzzy signature structure 

will become [ ]
321

  xxxx =  in the example. 
 

 
Figure 1: A Fuzzy Signature Structure 

 
The relationship between higher and lower level is govern 
by a set of fuzzy aggregations. The results of the parent 
signature at each level are computed from their branches 
with appropriate aggregation of their child signature. Let 
1
a  be the aggregation associating 

11
x  and 

12
x used to 
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derive 
1
x , thus 

121111
  xaxx = .  By referring to Figure 1, 

the aggregations for the whole signature structure would 
be 

1
a , 

2
a , 

22
a , and 

3
a . The aggregations 

1
a , 

2
a , 

22
a , 

and 
3
a are not necessarily identical or different. The 

simplest case for 
22
a  might be the min operation, the most 

well known t-norm. Let all aggregations be min except 
22
a  be the averaging aggregation. We will show the 
operation based on the following fuzzy signature values 
for the structure in the example. 
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After the aggregation operation is perform to the lowest 
branch of the structure, it will be described on higher level 
as:  
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Finally, the fuzzy signature structure will be:  
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Each of these signatures contains information relevant to 
the particular data point 

0
x ; by going higher in the 

signature structure, less information will be kept. In some 
operations it is necessary to reduce and aggregate 
information to become compatible with information 
obtained from another source (some detail variables 
missing or simply being locally omitted). Such is when 
interpolation within a fuzzy signature rule base is done, 
where the fuzzy signature flanking an observation are not 
exactly of the same structure. In this case the maximal 
common sub-tree must be determined and all signature 
must be reduced to that level in order to be able to 
interpolate between the corresponding branches or roots in 
some cases. 
 
 

2. Example Application of Fuzzy 
Signature 

 
Let 

0
S
S denote the set of all fuzzy signatures whose 

structure graphs are sub-trees of the structural 
(“stretching”) tree of a given signature

0
S . Then the 

signature sets introduced on 
0
S
S are defined by  

 

00
:

SS
SXA ! . 

 
In this case the prototype structure 

0
S  describes the 

“maximal” signature type that can be 
assumed by any element of X in the 
sense that any structural graph obtained 
by a set of repeated omissions of leaves 
from the original tree of 

0
S  might be 

the tree stretching the signature of some 

0
S
A .  

 
An example for the usefulness of this 
definition is given below. Let us think 
about some patients, whose daily 
symptom signatures are based on 
doctors’ assessments according to the following scheme: 
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Let us take a few examples with linguistic values and 
numerical signatures: 
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Of course, normally the blood pressure values would 
initially rather be expressed by the physician as e.g. 75 / 
120, which could then be converted to the linguistic values 
as appropriate for the patient, taking into account 
contextual information such as the higher normal blood 
pressure of infants and children and so on. As for most 
techniques, there is a significant role for the use of 
background knowledge of domain experts in data 
preprocessing. 
 
Note that the structures above are different, which is the 
point as much real world data is like this. For patient 2, we 
have only 2 measurements for fever. The structure of the 
fuzzy signature contains some information by the 
association of vector components. The use of aggregation 
operators allows us to compare components irregardless of 
the different numbers of sub-components. Such 
aggregation operators would in general be designed for 
each vectorial component with the assistance of a domain 
expert. In this case, let us assume that the time of day of 
fever is less significant, and that the maximum value is 
most important. (In this assumption, the spacing of 
measurements must therefore be to ensure a reasonable 
coverage of the data source.) The three will be reduced to 
the following forms: 
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The “fever component” can be verbally rewritten as 
“slight”, “moderate” and “rather high”, respectively. The 
signatures above still contain sufficient information about 
the “worst case fever” of each patient, while the detailed 
knowledge on the daily tendency of the fever is lost. This 

hierarchically structured access to the information is a key 
benefit of the fuzzy signatures. 
 
We could continue this process further completely, and 
determine an overall “abnormal condition” measure 

[ ]25.0
1
=

o
A , [ ]4.0

2
=

o
A , [ ]0.1

3
=

o
A . 

 
3. Hierarchical Data Structure 
 
When dealing with a very large data set, it is possible that 
they hide hierarchical structure that appears in the sub-
variable structures. In this case, the normal fuzzy signature 
structure as described in the previous section will be huge. 
In this case, it is necessary to identify the hierarchical 
structure hidden in the large data set.  This section 
discusses the method used to generate hierarchical fuzzy 
system from data with hierarchical nature. In the next 
section, the method is extended to generate hierarchical 
fuzzy signature. 
 
The main requirement of a reasonable !  is that each of its 
elements 

i
D  can be modelled by a rule base with local 

validity.  In this case, it is reasonable to expect 
i
D  to 

contain homogeneous data.  The problem of finding !  
can thus be reduced to finding homogeneous structures 
within the data.  This can be achieved by clustering 
algorithms.  
 
The subspace 

0
Z  is used by meta-rules to select the most 

appropriate sub-rule base to infer the output for a given 
observation (i.e. system input).  In general, the more 
separable the elements in ! , the easier the sub-rule base 
selection becomes.  Therefore, the proper subspace can be 
determined by means of some criterion that ranks the 
importance of different subspaces (combination of 
variables) based on their capability in separating the 
components 

i
D .  

 
Unfortunately, the problems of finding Π and Z0 are not 
independent of each other.  Consider the following 
helicopter control fuzzy rules extracted from the 
hierarchical fuzzy system in [9]:  
 
If distance (from obstacle) is small then Hover 
Hover:  if (helicopter) body rolls right then 

move lateral stick leftward 
if (helicopter) body pitches forward then  

move longitudinal stick backward 
 
Geometrically, an example of the data corresponding to 
the fuzzy rules is illustrated in Figure 2.  From the figure, 
three clusters can be clearly observed in 

1
x .  However, 

from 
2
x  and 

3
x , the data points are evenly distributed 

across the entire domain.  Therefore, finding a ‘good’ 
subspace 

0
Z  where the clusters are clearly separable is 

crucial for the success of the clustering algorithm.   
 
On one hand, we need to rely on the feature selection 
technique to find a ‘good’ subspace 

0
Z  for the clustering 



  197 

Volume 8, No. 4  Australian Journal of Intelligent Information Processing Systems 

algorithm to be effective. However, most of the feature 
selection criteria assume the existence of the clusters 
beforehand.  
 
 

  

X2 : Body  

Latitude   

X1 (Distance) 

X3 : Body  

Longitude   

small   medium   large   

 
Figure 2: Geometric representation data in a hierarchical 

data structure 
 
One way to tackle this problem is to adopt a projection-
based approach.  The data is first projected to each 
individual dimension and fuzzy clustering is performed on 
the individual dimensions.  The number of clusters C for 
clustering can be chosen arbitrarily large.  With the set of 
one-dimensional fuzzy clusters obtained, the separability 
(importance) of each input dimension can be determined 
separately.  With the ranking, we can then select the n 
most important features to form the n-dimensional 
subspace 

0
Z .  

 
In this case here, a hierarchical fuzzy system can be 
obtained using the following steps:  

 
1. Perform fuzzy c-means clustering on the data along 

the subspace 
0
Z .  The optimal number of clusters, 

C, within the set of data is determined by means of 
the FS index [15]. 

  
2. The previous step results in a fuzzy partition 

},...,{ 1 C
DD=! .  For each component in the 

partition, a meta rule is formed as: 
 

If Z0 is Di then use Ri 
 
3. From the fuzzy partition Π, a crisp partition of the 

data points is constructed.  That is, for each fuzzy 
cluster 

i
D , the corresponding crisp cluster of points 

is determined as  
 

})()()(|{ ijppppP jiii !">>= µµµ .  

 
4. Construct the sub-rule bases.  For each crisp 

partition Pi, apply a feature extraction algorithm to 
eliminate unimportant features.  The essence of this 

feature selection is to look for cylindricity in the 
input variables. The remaining features (know as 
true inputs) are then used by a fuzzy rule extraction 
algorithm to create the fuzzy rule base Ri.  Here, the 
use of the projection-based fuzzy modeling approach 
could be used[16]. 

 
4. Simplified Fuzzy Signature 
 
In the previous section, the concept of finding interclass 
separability and the algorithm of constructing the 
hierarchical fuzzy rules have been discussed. In this 
section, we will take a look at how those concepts can be 
used to construct the hierarchical fuzzy signature structure. 
Normally in a large database, it consists of different 
hierarchical structure and sub-variables for different 
purposes. It is therefore necessary to reduce the structure 
and remove any redundant information when presenting 
the final fuzzy signature structure to human. The main 
objective of this research is to deal with large data set, 
hopefully to generate a reduced fuzzy signature structure 
that omits unnecessary information. Each item of the data 
has their own fuzzy signature structure, i.e. a set of treelike 
structured features. 
 
The propose algorithm for constructing the hierarchical 
fuzzy signature structure technique is as follows:  
 
1. Rank the importance of input variables, using the 

interclass separability criterion described in the 
previous section. 

 
2. For each cluster Ci, eliminate the variable that 

cylindricity is found. 
 

3. If there is more level in that variable, move one level 
down and perform sub cluster identification, i.e. repeat 
steps 1 and 2. 

4. Step 3 is repeated until no more variable can be 
removed. 

 
5. The reduced fuzzy signature structure is considered a 

hierarchical fuzzy signature structure. 
 
6. Repeat step 2 for the next identified cluster Ci, until all 

clusters have been processed. 
 

By using the example in Figure 1. Let us assume that a 
large database is given: }{

i
xS = . A hierarchical fuzzy 

signature structure based on S can be constructed as 
follow: 

 
1. Reduce the data to the highest level (to vectorial 

fuzzy values), which represents the least details 
model of the data set, i.e. 
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2. By applying the interclass separability technique, 

where potential cylindric clusters Ci can be 
determined, i.e. where data points are evenly 
distributed along the dimension. 

 
3. For each cluster Ci, identification of the cylindricity 

is performed. Suppose, C1 and C2 were found in x1, 
where C1 is cylindric in x2 and C2 is cylindric in x3.  

 
4. First, investigate C1, and within C1, x3 can be moved 

one level down to x31 and x32. 
 

5. The interclass separability is performed at this local 
area to see whether a local reduction can be done. 

 
6. Similarly for C2, the model is split into x21, x22, and 

x23 by going down one level. 
 

7. Again a local interclass separability is performed. If 
x23 was found most separating and it gives C21 and 
C22, further in C21, x21 is eliminated, while in C22, x22 
is eliminated. 

 
8. For C22, it can be kept as such, however for C21, it 

can be split further more to x221, x222, and x223. 
 

9. Until this point without going further into x221, x222, 
and x223, we already know x22 and x3 can be 
eliminated. Thus, the reduced signature structure for 
C2 at this point is:  
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If further processing is continued for the above case, the 
interclass separability check can be performed on x221, x222, 
and x223 and may be further sub-clusters C22i can be 
obtained. Thus possible further reduction of the three may 
be performed locally. The steps are repeated until all lower 
levels have been visited to obtain a full hierarchical fuzzy 
signature structure. 
 

 
5. Conclusion 
 
We have described a technique for dealing with problems 
with complex and interdependent features or where data is 
missing. This was by the notion of fuzzy signatures, which 
extends the concept of vectorial fuzzy sets to components 
with varying numbers of components. We have 
demonstrated with an example the benefit of this 
hierarchical structuring of data. This hierarchical 
structuring allows the further use of domain experts as the 
information can be abstracted to higher levels analogous to 
patterns of human expert decision making. 
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Abstract 

A reliable and sensitive technique of cutting tool condition 
monitoring in drilling is essential help 
engineers. It is commonly known that a worn drill bit 
produces a poor quality hole. In extreme cases, a 
catastrophic failure of a drill bit during cutting can 

a work-piece and damage a machine tool resulting 
in low productivity and expensive down time. One such 
criterion of failure is excessive tool wear contributing to 
diminished tool life. To detect the states of tool 
wear condition, attempts are made to physically measure 
wear land. However, it is found that this method is usually 
not convenient since a part of useji1l production time is 
devoted to the measuring process. Thus, an intelligent 
system for detecting wear condition without interrupting 
the process is essential to avoid unexpected cutting tool 
breakage. In this work, an artificial neural network 
approach as an intelligent algorithm is proposed to real. 
time monitoring of drill wear states in the form of a digital 
display over a comprehensive range of cutting conditions. 
This work involves the development of test rig for on-line 
monitoring and neural network models to classify wear 
states. A novel neural network, Hybrid Neural Network 
(HNN), was developed and tested in this task. The results 

the HNN have shown the ability to accurately monitor 
the wear states up to a 92% success rate. With such a 
highly quantitative accuracy of results, the developed 
model using the neural network approach can be used for 
monitoring wear states in drilling and warning operators. 

Keywords: Cutting tool condition monitoring, Artificial 
neural network. 

1. Introduction 

Drilling is often carried out as one of the last steps in the 
m a n u f a c t u r i n g  production of a part. Hence high demands 
in terms of process reliability are placed on the operation 
since a work piece will have already undergone extensive 
machining before and thus represent considerable value 
[ 1]. It is apparent that any optimisation made to the drilling 
process will make manufacturing more productive and 
improve quaiity. One of the essential factors affecting the 
quality of machined products is drill wear. In particular, 
finishing work requires close attention to the condition of 
the cutting tooL A worn out drill bit produces a poor 
surface finish. If the deterioration of the tool is not 
continually monitored, the surface finish of work-pieces 
may be significantly degraded with the consequent loss of 

the work-piece and machining time. Undetected tool wear 
can ultimately result in failure, which is damage to the 
machine tool and work-piece resulting in considerable 
down time and productivity loss. Hence, any 
instrumentation that can identify the wear condition of a 
drill bit is very beneficial. 

Wear Land ( a dimension of wear ) 

Culting time or l e n g t h  cut 

Figure.l Wear land growth 

During the drilling process, the wear land were gradually 
growth dependent on the cutting time that the drill bit has 
been used. As a general principle, the wear land has been 
found to follow three states yielding the typical curve 
shown in Fig.l [2]. In the first (I) or initial state the rate of 
increase of "wear land" growth is rapid but decreases and 
become approximately constant during the second (H) or 
progressive state, whereas in the third (HI) or critical state 
the g r r o w t h  rate of wear land increases rapidly leading to 
catastrophic failure. To prevent unexpected tool breakage, 
using a drill bit with the third state must be avoided in 
cutting. 

The state of drill wear can be detected by using the direct 
measurement of wear land. The measurement can use 
various instruments such as optical, radiometric, 
p n e u m a t i c  and contact sensors etc. and the measured wear 
land is compared with some criteria to identify drill wear 
condition. However in this method, a part of useful 
production time is lost due to the inspection process of the 
wear. Usually associated expensive equipment is required. 
Thus there is a benefit in developing an intelligent system 
that works on-line to monitor the tool conditions so that 
failure is detected before the work piece is damaged. In 
this work, an artificial neural network approach as an 
intelligent algorithm is proposed. The neural networks 
embedded in an automated software are used to on-line 
detect the wear condition. Automatic learning from a finite 
set of database and the easier inclusion of new input 
parameters are major benefits of the neural network 
approach. 
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Application of neural networks in on-line tool wear 
condition monitoring has been reported by a number of 
researchers. The works have been done in two types of 
application. In the first type, neural networks were used to 
model relation between cutting parameters and the 
associated size of wear to estimate the wear land. Liu and 
Anantharaman [3] proposed a neural network that can 
predict the average drill wear land as low as 7.73% error. 
Lin and Ting [4] found the accuracy of tool wear 
estimation using the neural network is superior to that 
using other regression models. Lee and et al. [5] used the 
abductive neural network to predict the drill life. Karri and 
Cheong [6] applied neural networks to real-time tool wear 
estimation in turning. In the second type of application, 
neural networks were used to classify the states of wear. 
Liu, Chen and Ko [7] used thrust and vertical acceleration 
for on-line drill wear detection. Liu and Chen [8] achieved 
a 100% success rate of classification of a drill wear as 
either useable or worn out. Although there were many 
works done in on-line tool wear monitoring, in most 
instances the networks have been trained using only a few 
cutting conditions where a range of cutting conditions 
would have been more appropriate in practice. 

In this a novel network, Hybrid Neural Network 
(HNN) based on Backpropagation and Optimisation Layer 
by Layer algorithms [9], has been developed and proposed 
to detect the states of drill wear. These are classified into 
three categories; initial, progressive and critical wear 
states. To ensure the practical usefulness of the monitoring 
system developed, a knowledge base for training neural 
networks was stemmed from experiments carried out over 
a comprehensive working range of cutting conditions. 

Furthermore, the estimation of drill wear in terms of wear 
land was also performed. At the beginning, a brief 
introduction of the new neural network is initially 
discussed, before the development of neural network 
models for the intelligent detection of drill wear states and 
for the estimation of wear land is presented. 

2. Brief description 
Neural Network 

of Hybrid 

The basic architecture of an HNN, as shown in Figure 2, 
consists of an input layer, one or more hidden layers and 
an output layer. All input nodes are connected to all hidden 
neurons through weighted connections, and all hidden 
neurons are connected to all output neurons through 
weighted connections, 

Input Layer 
i = 0 ... M 

Hidden Layer 
i = 0  .. H 

YI 

Y2 

YN 

Ouput Layer 

Figure 2. Architecture of HNN with one hidden layer 

The basic idea of HNN learning algorithm is to combine 
iterative and direct weight optimisation methods. Based on 
this concept, the training time is improved and local 
minima can be a voided [ 1 0]. The network is trained by 
initialling small random weights and then the weights are 
iteratively adjusted by using Backpropagation algorithm 
with some initial iteration for training performance 
enhancement. Then the direct weight optimisation method 
based on Optimisation Layer by Layer algorithm [9] is 
used to finalise weights with a fast converging rate. The 
fast convergence is resulted from that the optimisation of 
weights in each layer is reduced to a linear problem and 
the weights in each layer are modified dependent on each 
other, but separately from all other layers. 

This HNN algorithm can be applied to any number of 
layers. However, the vast majority of practical problems 
are rarely necessary to use more than one hidden layer 
[ 11]. Thus, only the algorithm of network with one hidden 
layer to reduce the complexity and speed of computing is 
presented as followings. 

Training algorithm of HNN with one hidden layer (Fig. 3) 

Step 1 Initialize weights 
- Set all weights (Wii, V kj) to small random values 
-Set weight factor 

Step 2 Weight adjustment by using Backpropagation 
algorithm 

- Set the number of initial iterations 
-All weights are iteratively modified according 

to the number of initial iterations 

Step 3 Optimisation of output-hidden layer weights 
- The gradient of cost function with respect to V is 

calculated to derive the optimal weight V for all 
training patterns. Thus, 

Vjk=A-1.b 
where the A and b matrix are given by: 
A(j,jl) = matrix [aj,j!]; aiil = l=0 .. H 
bu,kJ = matrix [bj,k] ; bik = zi] : k = l..N 
p number of training patterns 
tk = target output of output neuron k 
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Step 4 Optimisation of the input-hidden layer weights 
- Transform non-linear part into linear problem. Then 

the linearized weights in each output layer node can be 
calculated as follow : 

Vlinki = [f(neti) Vki] 
where f(net) =derivative of the sigmoidal function 

- Calculate weight correction tenn Wopt) for all training 
patterns. 

=Au- 1.bu 
where Au = matrix [ a(ij,hm)] ; 

bu = vector[bu,i)] 
a(ji,hm) : for (j 

: for (j =h) 
+ (netj) 
Vlinki xi] 

= number of neurons in hidden layer 
- Calculate weight test (Wtest) 

Wtest = Wold + 

Step 5 Update of the input-hidden layer weights 
- Base on Wtest, the new RMS error is calculated 

If R M S  > RMS) then go back to Step 3 
and increase = 1.2) 

Else update weights 

= Wtest ( =Wold + 
and decrease for next iteration 

Step 6 Do step 3 - 5 until test stop condition is tme. 
(acceptable RMS or end of number of iterations) 

3. Experimental test 
experimental matrix 

rig and 

A knowledge base with regard to input parameters and 
corresponding wear conditions is required to train the 
neural network for modeling the intelligent detection 
system of drill wear states. To establish the knowledge 
base, a number of drilling experiments were carried out on 
the universal CNC-controlled milling machine. General 
HSS twist drill bits were used to drill 1045 steel work
piece with 31.7 5 mm thickness. The dynamo meter for 
thrust and torque measurement is fitted on the milling 
machine. For the signal processing and recording, a 
standard PC with an associated data acquisition system 
was used. The experimental rig is shown in figure 3. 

CNC Control 

PC with Data Card 

Figure 3. Experimental test rig 

The cutting conditions of experiments were chosen from 
the combinations of diameter, feed rate and spindle speed. 
The experimental cutting conditions were illustrated in the 
Table I. The total cutting conditions are 60 different 
conditions. To assess the generalization and flexibility of 
neural networks, a set of data different form the data used 
in training are separated as testing data. Thus, the entire 
data are divided into two groups. The first group is testing 
data generated from 6 cutting conditions as listed in Table 
n and another group is training data generated from 
remaining cutting conditions. In any particular cutting 
condition, a drill bit was used for drilling work-pieces until 
the drill bit reached the end of tool life. Then the wear 
land, thmst, torque and the associated cutting time after 
drilling of each hole were recorded. 

Dia. 
7mm 

Dia. 
9mm 

Dia. 
11 mm 

Dia. 
13mm 

Feed 80 100 120 
(mm/min) 
Speed 1000 1100 1200 

( rpm )  
(4levels x 4 levels= 16 conditions) 

Feed 120 140 160 
(mm/min) 
Speed 900 1000 1100 
( m) 
(4leve!s x 41evels = 16 conditions) 

Feed 40 60 80 
(mmlmin) 
Speed 600 700 800 
( m) 
(4 levels x 4 levels= 16 conditions) 

Feed 40 60 100 
(mm!min) 
Speed 500 600 700 

m 
(3 levels x 4 levels= 12 conditions) 

140 

1300 

180 

1200 

100 

900 

800 

Table I. Total experimental cutting conditions 
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No. Diameter Feed Speed 
(mm) (mrn/min) (rpm) 

7 80 1200 
2 7 140 1200 
3 9 140 1000 
4 11 60 800 
5 ll 100 700 
6 13 60 700 

Table II. Cutting conditions selected for testing data 

An average flank wear land of 0.3 mm or a maximum 
flank wear land of 0.6 mm is the criteria to define effective 
tool life. These criteria for HSS tools are recommended by 
the International Standard Organization (ISO). By using a 
digital camera and associated software, photographs of 
both cutting edges have been taken and enlarged to 
measure the wear land. The actual scale of wear land can 
be calculated by comparing the diameter of drill bits. 
Figure 3 illustrates a typical measurement carried out in 
this investigation, 

Figure 4. Picture of flank wear and measurement 
places 

A simple formula for calculating wear land is given by 

a= X x d (1) 
y 

a = Actual size of wear 
X = Dimension of wear in the photograph 
Y = Dimension of diameter in the photograph 
d = Actual size of diameter (mm) 

The four places (see fig. 4) of flank wear were averaged to 
represent the average flank wear, 

The states of drill wear in each cutting condition can be 
theoretically classified on a basis of wear land. As the 
initial wear state starts at the beginning of cutting, the 
drilling in the first hole is considered as the initial wear 
state while the critical wear state occurs nearly at the end 
of tool life. The drilling in the last hole is considered as 
critical wear state. The rest of drillings are defined as the 
progressive wear state. To obtain more data patterns, three 

points were linearly interpolated between each pair of 
holes. Consequently, a total of 1928 data consisted of 467 
experimented data and 1461 interpolated data were used 
for training and testing neural network models. 

4. Detection system ll wear 
states 

In this section, a neural network model for detection of 
drill wear states is presented. The designed network used 
six basic cutting parameters as network's inputs and wear 
states as a network's output. These inputs were the thrust 
(N), torque (Nm), the drill diameter (mm), the spindle 
speed (rev/min), the feed rate (mm/min) and the cutting 
time (sec) that the tool has been used. It should be noted 
that there is no directly measured wear land as an input due 
to inefficiently obtaining of the data during machining as 
mentioned in section 1. However, the wear land is 
important information to distinguish the wear states. 
an indirect method using a neural network was applied to 
estimate the wear land. The first neural network (1 stNN) to 
estimate were land is shown in figure 5 as a sub-internal 
model for providing the estimated values of wear land to 
the second neural network (2nd NN) for classifying wear 
states 

Thrust 

Torque 

Drill Diameter 

Feedrate 

Spindle Speed 

Cutting Time 

Wear Land 

W car states : 
3 =Initial 
2 ""Progressive 
l =Critical 

Figure 5. Neural network model fur detecting the 
wear states 

Consequently, in figure 5, the system consists of two 
neural networks connected to identify three wear states. 
These states are the initial, progressive and critical wear 
states and the values of 3, 2 and 1 were given to represent 
the three wear states respectively. 

4.1 Architecture networks and results 

Since the detection of wear states is the focusing point in 
this section, the detailed development of the first neural 
network for delivery the estimated wear land and its 
accuracy are not discussed here, but in the later section. In 
what follows it has been assumed that the 1st Nr.J has been 
sufficiently trained and only the second neural network 
acting as a classifier will be mentioned. 

From 54 cutting conditions, 1746 sets of inputs and 
outputs were used for training neural networks. Another 
182 sets of data from six cutting conditions, that are 
completely different from training data, were used for 
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testing the developed networks. The wear condition was 
classified into three categories based on the output of 
neural networks. The criteria used for classification of drill 
wear states were as follows. 

For initial 
For progressive 
For critical 

when output 
(2), when 1.75 2.5 
(1), when output< 1.75 

The optimisation of neural networks' architecture was 
done by systematically training and testing the networks 
with varied parameter settings. As a benchmark, the 
percentage of success rate was calculated and the formula 
is given by 

No. of classification 
;o success rate= x 

No. of all data 

The highest percent success rate of testing data was used as 
criteria to select the best architecture of networks. 

To find the appropriate architecture of the HNN paradigm, 
the number of neurons in the hidden layer has to be 
determined. Furthermore, the number of initial iterations is 
needed to be chosen for the best performance. The initial 
iterations of 20, 35 and 50 iterations at various numbers of 
hidden neurons of HNN were tested. The results of the 
networks are comparatively summarized in Table IlL 

It can be seen from the table m that HNN with five hidden 
neurons (5-5-1) and the initial iteration of 35 was able to 
yield the highest accuracy at testing stage. The results at 
training stage and testing stage are 90.6% and 91.8% 
respectively. A detailed comparison between the actual 
wear states and the predicted wear states from H NN at 
testing stage is also provided in figure 6 to study the 
characteristics of misdetection cases. 

% Success rate 

Initial 20 35 50 
iterations 

Train Test Train Test Train Test 

HNN 

5-3-l 83.5 91.8 88.9 90.1 87.7 91.2 

5-4-1 88.0 88.5 89.3 91.2 91.2 91.2 

5-5-l 87.3 88.5 90.6 91.8 89.9 91.2 

5-6-1 89.8 90.7 90.0 89.0 88.8 91.2 

5-7-l 89.2 91.8 88.9 89.0 90.1 90.7 

5-8-1 91.4 90.1 90.2 91.2 90.0 89.0 

5-9-1 89.8 90.7 84.8 84.1 78.1 74.2 

5-l0-1 90.3 90.1 89.9 87.4 90.4 87.4 

Remark: 5 - x- 1 is number of neurons in input- hidden -
output layer 

Table III. The results of HNN with varying hidden 
neurons 

Wea.r 
States 

Critical 

Progressive 

Initial 

2t 41 61 81 121 141 161 181 

Figure 6. Comparison of the actual wear states and 
the detected wear states from HNN at testing stage 

Of 182 instances of the testing data, fifteen were 
misclassification. Alls took place at the transient period, 
which was either the end of the previous state or the 
beginning of the next state. This means in general that the 
WfOng classification shortly occurs and then immediately 
changes to the correct classification. Misclassification 
cases of training data have also occurred in the same way 
as that of testing data. Thus, occurrences of error cases 
have no potential to cause any problem in the practical 
working. 

It can be concluded that the use of the neural network for 
drill wear state detection is very accurate. The best results 
of HNN are the 90.6% success rate at training stage and 
91.8% success rate at testing stage, proving its 
applicability for drilling in various cutting conditions. 

5. Estimation model of drill wear 
land 

As mentioned in the previous section, the wear land is 
important information for indicating the wear states. In the 
wear detection system (in figure 5), the wear land 
predictive model (lstNN) is used as the internal model in 
which the output of the model was not explicitly displayed. 
However, there is some merit in manifesting the predicted 
values of wear land. By doing so, the information of wear 
land can be monitored and the relations of wear land and 
others parameters can be studied. Thus the investigations 
of the predictive model and its output were carried out in 
this section. 

The neural network model used the six inputs for 
estimating the average flanks wear as an output of neural 
network These inputs are two cutting forces (thrust nad 
torque), drill diameter, feed rate, spindle speed and cutting 
time that tool has been used. HNN with various 
architectures were tried out As a criterion for 
benchmarking, the Root Mean Square error (RMS) of 
results was calculated to comparatively select the 
appropriate architecture. The formula of RMS (12-14] is 
given by 
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RMS error= 
(target- output)' 

no. of data 

The most accurate architecture to predict the wear land can 
be identified by selecting one that yields the lowest RMS. 
After training and testing the various architectures, HNN 
with eleven hidden neurons has shown the best accurate 
result. TheRMS errors are 0.0387 and 0.0386 for training 
and testing data respectively. To gain insight into the 
accuracy of prediction, the histogram showing the 
dispersion of error between actual wear land and predicted 
wear land in millimetre (mm) was made in figure 7. 

500 

4 -

3 

2 

1 

in m m 

Figure 7. Histogram of errors (actual- estimated size) 
in the estimation of wear land 

From the histogram, 93% of training data (1622 of 1746) 
and 95% of testing data (172 of 182) were in a range of± 
0.03 mm and the average errors of wear land were 0.0003 
and 0.0014 mm for training and testing orderly. These 
results showed an accurate, unbiased prediction of wear 
land even when the drilling conditions were varied. It is 
also important to note that when such an accurate 
predictive model has been integrated into the wear 
detection model, the system can detect wear states up to a 
92% success rate as described in details on the previous 
section. 

6. Conclusion 

To avoid unexpected cutting tool breakage due to 
excessive wear, an intelligent system that can on-line 
detect the condition of a cutting tool has been developed. 
In this work, a neural network based system for 
automatically detecting wear states in drilling operation is 
applied. The system used a novel neural network, HNN, as 
an intelligent algorithm to classify on-line wear states. The 
wear states were identified as; initial, progressive and 
critical wear states. The cutting forces, diameter, feed 
speed and cutting time were used as inputs in the system to 
detect wear states. The neural network was trained and 
tested from the data of experiments carried out over a 
comprehensive range of working conditions to ensure the 
generalisation and flexibility of the system. For the 
detection of wear state, the various architectures of HNN 

were tested to select the appropriate structure. The HNN 
with five hidden nodes has yield the best accuracy, which 
was 91% and 92% correct detection in training stage and 
testing stage respectively. These results experimentally 
highlight the capability of the neural network for detection 
of drill wear states with the high accuracy in a wide range 
of cutting conditions. 
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Abstract 
Field programmable gate arrays (FPGAs) have become a 
viable alternative to other implementation platforms of the 
increasingly popular discrete wavelet transform.  The 
transform is computationally-intensive, and thus it requires 
fast, real-time, and efficient implementations. In this paper, 
a real-time parallel implementation of the discrete wavelet 
transform is presented.  The implementation is based on one 
of the   largest FPGA devices in industry; the Xilinx Virtex 
FPGAs. Performance results of the implementation are 
presented, and compared with results obtained for 
alternative FPGA and software implementations. The 
implementation is simple, scalable, and performs both the 
forward and inverse discrete wavelet transforms. 
 
1. Introduction 
 
The Fourier transform forms the foundation of signal 
analysis when signals are stationary, however, it has proven 
to be inadequate for the analysis of non-stationary signals. 
In contrast, the discrete wavelet transform provides a 
powerful multiresolution tool for the analysis of non-
stationary signals with good time localization information. 
Recently, there has been an increasing number of 
applications of the wavelet transform, including signal 
processing [1], image processing[2], numerical analysis[3] , 
data compression [4], among many other applications. 
 
The principal obstacle to the wider utilization of the 
discrete wavelet transform is its computationally-intensive 
nature. Moreover, many applications require real time 
processing environments where the computation has to be 
computed in a very short time. To meet such real-time 
computational requirements, many fast implementations 
have been proposed in literature. Some attempt to 
implement the transform in software using multiprocessors 
or programmable digital signal processors. Others attempt 
to implement the transform using customized VLSI 
devices. Each implementation option presents different 
trade-offs in terms of performance, cost, power, and 
flexibility. 
 

Several multiprocessor systems have been proposed to 
meet the real-time computational requirements of the 
discrete wavelet transform [5-7]. However, such 
implementations are not cost effective. This is in addition 
to the fact that, the discrete wavelet transform is mostly 
needed to be embedded as a single chip in consumer 
electronics; thus excluding multiprocessors as an efficient 
implementation option. Similarly, most programmable 
digital signal processors remain inherently sequential 
machines. Although some parallel digital signal processors 
have been recently developed [8], the high performance 
that is possible with such processors comes at a high cost.  
 
Although VLSI application specific integrated circuits 
(ASICs)  are fast,  they are inherently inflexible, and 
development of  such custom VLSI systems is costly and 
time consuming [9]. Moreover, most proposed VLSI 
implementations of the discrete wavelet transform are 
centered around the development of single-chip 
architectures [10-12], and rarely go down to the level of 
actual implementation of the wavelet transformer. 
Furthermore, the proposed architectures require complex 
control units,  and are not easily scaled up for different 
wavelets filters  and different octave levels. 
 
Recent advances in filed programmable gate arrays 
(FPGAs) have made it possible to build high performance 
machines that meet the performance and physical 
requirements of real time discrete wavelets transformers. 
FPGAs offer an intermediate capability between that 
offered by custom VLSI devices and programmable 
processors [13].  They implement the same parallel 
processing performance of a VLSI ASIC, however, unlike 
ASICs, they are cost effective, and re-programmable. Also, 
relative to digital signal processors, FPGAs offer the same 
flexibility in addition to an incredible performance 
advantage at a fraction of the cost. 
 
In this paper, we demonstrate the applicability of 
programmable logic devices for   implementing the one-
dimensional forward and inverse discrete wavelet 
transforms.  In particular, we describe a parallel 
implementation of  the wavelet transform using state-of-art 
FPGAs; Xilinx Virtex FPGAs [14]. The highly replicated, 



  207
   

Volume 8, No. 4  Australian Journal of Intelligent Information Processing Systems 

register rich architecture of Virtex FPGAs make them 
suitable for applications with inherent parallelism such as 
the discrete wavelet transform. We also implement the 
transform using an advanced digital signal processor and a 
commercial general-purpose processor. We then compare 
the performance of the FPGA implementation with those 
of the two software implementations. 
 
The proposed implementation is simple, modular, and can 
be cascaded for computation of data streams of fairly 
arbitrary size. Furthermore, the implementation is unique 
in three aspects. First, re-programmability of FPGAs 
allows easy modification of wavelet types and design 
parameters  such as number of wavelet  levels,  filters 
specifications, and bit precision of  wavelet coefficients. 
Second, unlike most reported implementations which 
concentrate on architectural development, this 
implementation goes down to the actual implementation 
level. Third, this paper describes implementations for both 
the forward and inverse transforms, whereas most papers 
in literature report on the forward transform only. 
 
The rest of the paper is organized as follows. Section two 
gives an overview of the Virtex filed programmable gate 
arrays. Section three outlines the basic theory of the 
discrete wavelets transform and its inverse as described by 
the Mallat pyramid algorithm. Section four describes a 
parallel implementation of the forward and inverse 
transforms. Section five evaluates the FPGA 
implementation and compares its performance with those 
of a sequential FPGA implementation and two software 
implementations. Finally, section six concludes the paper 
with some closing remarks. 
 
2. Virtex Field Programmable Gate 
Arrays 
 
Xilinx Virtex FPGAs are the industry’s most successful 
FPGA family [14]. They feature a flexible, regular 
architecture that compromises an array of configurable 
logic blocks (CLBs) surrounded by programmable input-
output blocks (IOBs), all interconnected with a highly 
efficient segmented routing structure, Figure 1. This 
architecture allows Virtex series to accommodate very 
complex designs while delivering fast and predictable 
performance.  
   
The basic building block of the Virtex CLB is the logic cell 
(LC), where each CLB contains four LCs organized as two 
slices [15]. An LC includes a four-input function 
generator; carry logic and a storage element. The function 
generator is implemented as a four-input look-up table 
(LUT) and can implement ANY four-input logic function. 
A Virtex LUT can also implement a 16-bit shift register to 
capture high-speed data or burst-mode data. The output 
from the four-input LUT in each LC drives both the CLB 
output and the D-input of the flip-flop. For the 
implementation reported in this paper, we used the 
XCV300 FPGA, which contains 3072 slices (322,970 
gates) and can operate at a maximum clock speed of 200 
MHz.  
 

We programmed Virtex using Verilog HDL; a popular 
hardware description language [16]. The language has 
capabilities to describe the behavioral nature of a design, 
the data flow of a design, a design’s structural 
composition, delays and a waveform generation 
mechanism. Models written in this language can be 
verified using a Verilog simulator. As a programming and 
development environment, we used the Xilinx Foundation 
Series tools to produce a physical implementation for the 
Viretx FPGA. 
 
3. Discrete Wavelet Transform 
 
Wavelets are special functions which, in a form analogous 
to sines and cosines in Fourier analysis, are used as basal 
functions for representing signals [17].  The wavelet 
transform of a continuous-time signal s(x) is defined by the 
convolution integral: 
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where ( )x!  is the analyzing wavelet, and a and b are 
continuously varying shift and scale parameters, 
respectively.  Since the basis functions are translated and 
dilated versions of each other, it is possible to avoid 
calculating the full set of inner products in the Equation (1) 
by using the computationally-efficient pyramid algorithm 
proposed by Mallat [18]. Derivation of the pyramid 
algorithm for the forward and inverse discrete wavelet 
transforms and a corresponding multirate filter bank 
implementation of the transforms are described in the 
subsections below.  
 
3.1 Forward Discrete Wavelet Transform 
(DWT) 
 
In Mallat’s pyramid algorithm, the discrete wavelet 
transform coefficients of any stage can be calculated from 
the coefficients of the previous stage, which is expressed as 
follows: 
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Where WL(n,j) is the nth scaling coefficient at the jth stage,  
WH(n,j) is the nth wavelet coefficient at the jth stage, and 
h0(n)  and  h1(n) are he dilation coefficients corresponding 
to the scaling and wavelet functions, respectively.  
Equation (2) can then be used for obtaining the wavelet 
coefficients of subsequent stages. In practice this 
decomposition is performed only for a few stages. If the 
discrete wavelet transform takes a length N sequence s(n) , 
then the output is the multi-resolution representation of 
s(n), and has N/2 values at the highest resolution and N/4 
values at the next resolution and so on.  
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3.2 Inverse Discrete Wavelet Transform 
(IDWT) 
 
In order to reconstruct the original data, the DWT 
coefficients are upsampled and passed through another set 
of low pass and high pass filters, which is expressed as 
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where g0(n)  and  g1(n) are respectively the low-pass and 
high-pass synthesis filters corresponding to the mother 
wavelet. It is observed from Equation (4) that the jth level 
coefficients can be obtained from the (j+1)th level 
coefficients. 
 
3.3 Filter Bank Implementation  
 
It has been shown in [19] that the three wavelet 
summations given in Equations (2) to (4) can be computed 
efficiently using multirate filter banks. The basic building 
block of the forward discrete wavelet transform is the 
analysis filter bank shown in Figure 2a. Similarly, the basic 
building block of the inverse discrete wavelet transform is 
the synthesis filter bank shown in Figure 2b. 
Implementation of the two filter banks will be explained in 
details in the next section.  
 
4. Implementation Description  
 
Architectures for single chip hardware implementations of 
the discrete wavelet transform fall into two major 
categories; sequential architectures and parallel 
architectures. The two types differ mainly in the number of 
filter banks used, and   in the way intermediate results are 
stored and routed. A sequential architecture requires a 
single filter bank and a large memory as shown in Figure 3. 
While this architecture can be made hardware efficient, it 
has two obvious drawbacks; the memory requirement is 
equal to the size of the input data, and the long execution 
times. On the other hand, a parallel architecture requires 
multiple filter banks and no intermediate memory. A 
parallel architecture with a three-stage filter bank is shown 
in Figure 4. 
In this paper we have adopted the parallel architecture 
because it leads to a modular, fully-pipelined, and locally 
connected structure suitable for direct hardware 
implementation in FPGAs. However, one drawback of this 
parallel realization is that the computational complexity 
declines exponentially, leading to underutilized hardware 
at the higher stages. Intra-octave folding has been 
suggested to balance utilization among filter bank stages 
[20]. However, hardware scaling for higher stages may 
lead to a complex structure with inefficient routing control, 
which may cause the achieved computational balance to 
deteriorate. Nonetheless, since FPGAs are generally cost-
effective compared with customized VLSI hardware, the 
underutilized higher stages do not pose a problem in our 
implementation.  
 

In this section we describe the wavelet transformer’s basic 
filter structure, implementation of the decimator which 
constitutes the building block of the analysis filter bank, 
and implementation of the interpolator, which constitutes 
the building block of the synthesis filter bank.  
 
4.1 Basic Filter Structure 
 
Filters which make up the parallel pyramid tree 
architecture of Figure 4 are constructed using  FIR filters. 
We have used   FIR filters because they are inherently 
stable. Their transfer functions are specified in terms of z-
plane zeros only; and thus there exists no danger that 
inaccuracies in the coefficients may produce instability.  A 
casual FIR filter of length N is characterized by a transfer 
function H(z): 
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Several methods exist for implementing an FIR filter 
having the transfer function given in Equation (5). We 
have adopted the direct FIR structure in which the 
multiplier coefficients are precisely the coefficients of the 
transfer function. A block diagram for a direct realization 
of an n-tap FIR is shown in Figure 5. Each filter tap 
consists of a delay element, an adder, and a multiplier [21]. 
 
Coefficients of the FIR filters used in this implementation 
are provided in Table 1. H0 and H1 represent coefficients 
of the analysis filters, and G0 and G1   represent 
coefficients of the reconstruction filters. These coefficients 
are derived from the Daubechies 8-tap wavelet which has 
excellent spatial and spectral localities; properties useful in 
general signal processing applications [22]. 
 
Re-configurability of FPGAs may be exploited in this 
implementation to modify filters coefficients in the 
synthesizable Verilog code, as frequently as desired. This 
may be of a great benefit since the discrete wavelet 
transform depends considerably on the choice of prototype 
wavelet. This may be compared to the customized VLSI 
implementation in which no coefficient may be changed 
once the design has been implemented in silicon. 
 
The precision with which filter coefficients are represented 
in hardware have a large impact on performance.  In our 
implementation, the floating point coefficient values given 
in Table 1 were normalized to a fixed point representation, 
in which each filter coefficient was represented by 11 bits 
[23]. 
 
4.2 Decimator Implementation 
 
A decimator consists of an anti-aliasing FIR filter followed 
by a down-sampling operator. With such a structure, the 
decimator represents the basic building block of the 
forward discrete wavelet transform. As shown in Figure 4a, 
the forward transform has a cascade of three analysis filter 
banks, each of which is made of two decimators connected 
in parallel.  
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Down sampling an input sequence x[n]  by 2 generates an 
output sequence y[n] according to the relation  y[n] = 
x[2n].  All input samples with indices equal to an integer 
multiple of 2 are retained at the output, and all other 
samples are discarded.  Therefore, the sequence y[n] has a  
sampling rate equal to half  of the sampling rate  of x[n]. 
 
We implemented the decimator as shown in Figure 6a.  
The input data port of the FIR filter is connected to the 
external input samples source, and its clock input is tied 
with the clock input of a 1-bit counter. Furthermore, the 
output data port of the FIR filter is connected to the input 
port of a parallel-load register. The register receives or 
blocks data appearing on its input port depending on the 
status of the 1-bit counter. Assuming an unsigned 8-bit 
input sample is used, the decimator operates in such a way 
that when the counter is in the 1 state, the  FIR data is 
stored in the parallel load register, and when the counter 
turns to the  0 state, the FIR data is discarded.  
 
The decimator operation was modeled   and verified using 
Verilog’s functional simulator. The corresponding 
simulation waveform is displayed in Figure 6b. As shown, 
a random input sample X enters the decimator at a rate of 
1sample/1 clocks, and an output filtered sample Y leaves 
the decimator at a rate of 1sample/ 2clocks. The input 
frequency is clearly halved by the decimator.  
 
We maintained sufficient precision of the decimator output 
sample as indicated by number of bits in the parenthesis. 
Allocating sufficient bits to the intermediate and output 
coefficients has been a necessary step to keep the perfect 
reconstruction capabilities of the discrete wavelet 
transform.   
 
4.3 Interpolator Implementation 
 
An interpolator consists of an anti-imaging FIR filter 
proceeded by an up-sampling operator. With such a 
structure, the interpolator represents the building block of 
the inverse discrete wavelet transform. As shown in Figure 
4b, the inverse transform has a cascade of three synthesis 
filter banks, each of which is made of two interpolators 
connected in parallel.  
 
In up-sampling by a factor of 2, an equidistant zero-valued 
sample is inserted between every two consecutive samples 
on the input sequence x[n] to develop an output sequence 
y[n], such that  y[n] =   x[n/2]  for even indices of n, and 0  
otherwise. The sampling rate of the output sequence y[n]   
is twice as large as  the sampling rate of the original 
sequence   x[n].  
 
We implemented the interpolator as shown in Figure 7a.  
The input data port of the FIR filter is connected to the 
output port of a parallel-load register. Furthermore, the 
input port of the register is connected to the external input 
sample source, and its CLK input is tied with the CLK 
input of a 1-bit counter. The operation of the register 
depends on the signal received on its active-high CLR 
(clear) input from the 1-bit counter.  
 

Assuming the input signal source sends out successive 
samples separated by 2 clock periods, the interpolating 
filter operates in such a way that when the counter is in the 
0 state, the register passes the input sample  X  to the FIR 
filter, and when the counter turns to the 1 state, the register 
is cleared, thus transferring a zero to the FIR filter. That is, 
a zero is inserted between every tow successive input 
samples.  
 
The interpolator operation was modeled and verified using 
Verilog’s functional simulator. The simulation waveform 
is displayed in Figures 7b. The filter receives an input 
sample X at the rate of 1 sample/2 clocks, and sends out its 
filtered sample Y at the rate of 1 sample/1 clock. The input 
frequency is clearly doubled by the interpolator.  Also, 
similar to the decimator, we maintained sufficient precision 
of the interpolator output as indicated by number of  bits in 
the parenthesis. 
 
5. Results and Discussion 
 
In this section we present performance results of the 
parallel implementation described in the previous section. 
We also show how the obtained results exceed 
considerably those obtained for a sequential 
implementation of the transform. Finally, and for the sake 
of comparison, we present performance results of two 
software implementations. 
 
5.1 FPGA Implementations Performance   
 
We have implemented the wavelet transform’s parallel 
architectures described in the previous section using one of 
the largest Virtex FPGA devices; the XCV300. This device 
contains 3072 slices (322,970 gates) and can operate at a 
maximum clock speed of 200 MHz. Performance is 
evaluated with respect to two metrics; throughput (sample 
rate) and is given in terms of  the clock speed, and device 
utilization, and is given in terms number of  logic slices 
used by the implementation. 
  
5.1.1 Parallel FPGA Implementation 
Performance  
 
The parallel architectures shown in Figure 4 were 
described in Verilog HDL, and after exhaustive functional 
simulation, were implemented onto the XCV300 Virtex 
using the development tools provided by Xilinx 
Foundation Series package. Timing characteristics were 
extracted from the reports generated by Xilinx 
performance analysis tools, and confirmed using timing 
simulation. The forward discrete wavelet transform 
achieved a throughput of 54.3 MHz, and required 560 
Virtex slices which represents around 18 % of the total 
Virtex slices. As for the inverse discrete wavelet transform, 
the throughput was 47.8 MHz, and the hardware 
requirement was 619 slices which represents around 20 % 
of the total Virtex slices.    
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5.1.2 Sequential FPGA Implementation 
Performance  
 
We also implemented the sequential architectures of the 
discrete wavelet transform shown in Figure 3. The forward 
discrete wavelet transform achieved a throughput of 17.8   
MHz, and required 217 Virtex slices which represents 
around 7 % of the total Virtex slices. As for the inverse 
discrete wavelet transform, the throughput was 16.3 MHz, 
and the hardware requirement was 248 slices which 
represents around 8 % of the total Virtex slices.    
 
5.2.3 Performance Comparison 
 
It is noted from the results obtained above, and further 
illustrated in Figure 8, that the throughput of the parallel 
implementation is higher than the throughput of the 
sequential implementation. With reference to Figure 3, the 
poor performance is due to the large latency caused by 
folding the three filter bank stages into one stage, and also 
by the off-chip communication between the folded stage 
and the external memory which stored the input and 
intermediate data. Figure 8 also shows that, the sequential 
implementation requires less hardware resources when 
compared the parallel implementation.  However, it should 
be noted that the memory in the sequential architectures 
was implemented off-chip because of its large size, and 
therefore, hardware requirement figures would have risen 
dramatically had memory been implemented inside the 
Viretx FPGA chip. 
 
Finally, its worthwhile comparing the performance of the 
forward and inverse wavelet transforms. Again referring 
back to figure 8, it’s obvious that the throughput of the 
forward transform is slightly higher than the throughput of 
the inverse transform. This is expected since the inverse 
transform is a little more computation-intensive than the 
forward transform, which is caused by the up-sampling 
operation which inserts a zero sample between every two 
successive input samples. Also, the inverse transform 
employs summation nodes, as shown in Figure 4, to 
reconstruct the incoming signal. This is reflected in a slight 
increase in the number of Virtex slices compared to the 
slices needed by the forward transform. 
 
5.3 Software Implementations 

Performance  
 
We present here performance results of two software 
implementations of the discrete wavelet transform. One 
implementation is carried out on a programmable digital 
signal processor and the other on a Pentium III–based 
personal computer operating at a frequency of 800 MHz. 
 
The wavelet transform was implemented on the 
TMS320C6711; a Texas Instrument digital signal 
processor with an a complex architecture suitable for 
image processing applications [24]. The TMS320C6711 is 
a highly integrated single chip processor and can operate at 
150 MHz (6.7 ns clock cycle) with a peak performance of 
900 MFLOPS [25].  The processor was programmed such 

that the main portion of the wavelet program was written in 
C, and certain sections in assembly. Also, parallel 
instructions were used whenever possible to exploit the 
abundant parallelism inherent in the wavelet transform. 
Sample execution times obtained for both the forward and 
inverse discrete wavelet transforms were 0.153 µs (6.53 
MHz) and 0.276 µs (3.62 MHz) respectively.  
 
To complete the performance evaluation circle, we coded 
the forward and inverse wavelet transforms in C, and 
executed their corresponding programs on a conventional 
PC powered by an 800 MHz Pentium III processor. The 
execution times obtained for both the forward and inverse 
discrete wavelet transforms were 0.1280 msec (0.00781 
MHz) and 0.1485 msec (0.00673 MHz), respectively.  
 
It is noted from the results obtained above, and illustrated 
in Figures 9, that both the sequential and the parallel FPGA 
implementations perform much better than the 
TMS20C6711 and Pentium III software implementations.  
The superior performance of the FPGA-based 
implementations is attributed to the highly parallel, 
pipelined and distributed architecture of Xilix Virtex 
FPGA. Moreover, it should be noted that the Virtex 
FPGAs offer more than high speed for many embedded 
applications. They offer compact implementation, low cost 
and low power consumption; things which can’t be offered 
by any software implementation. 
 
5.4 Physical Realization 
 
Finally and after validating the implementations by 
simulation, the bit stream corresponding to the parallel 
FPAG implementation was downloaded to a prototyping 
board called the XSV-300 FPGA Board. The board is 
developed by XESS Inc. [26], and is based on a single 
XCV300 FPGA chip. The board can accept video with up 
to 9-bits of resolution and output video images through a 
110 MHz, 24-bit RAMDAC. Two independent banks of 
512K x 16 SRAM are provided for local buffering of 
signals and data.  
 
5.5  Discussion 
 
The implementation presented in this paper has been for 
the 1-D discrete wavelet transform. However, the 
implementation is applicable to image-based applications 
where the image data is two-dimensional. The 2-D 
transformation is straightforward, and can be easily 
achieved by inserting a matrix transpose module between 
two 1-D discrete wavelet transform modules. The 1-D 
discrete wavelet transform is first performed on each row 
of the 2-D image data matrix. This is followed by a matrix 
transposition operation. Next, the discrete wavelet 
transform is executed on each column of the matrix. 
 
We are now working on integrating a whole image 
compression system on a single, dynamically-
reconfigurable FPGA.  A typical image compression 
system consists of an encoder and a decoder. At the 
encoder side, an image is first transformed to the frequency 
domain using the forward discrete wavelet transform. The 
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non-negligible wavelet coefficients are then quantized, and 
finally encoded using an appropriate entropy encoder.  The 
decoder side reverses the whole encoding procedure 
described above.  
 
6. Conclusions  
 
The discrete wavelet transform is amenable to pipelined 
and parallel hardware implementations by virtue of its 
abundant inherent parallelism. In this paper, FPGA 
implementations of the discrete wavelet transform and its 
inverse were simulated and realized in a reconfigurable 
computing hardware board based on the advanced Xilinx 
Virtex FPGAs. Performance results demonstrated that 
FPGAs have capabilities to meet the demanding 
requirements of the discrete wavelet transform. 
Furthermore, using reconfigurable FPGAs instead of 
custom hardware with fixed-architecture results in lower 
costs, faster and easier development production times, and 
the ability to implement different wavelet types. Finally, 
the performance comparison made with two software 
implementations justify the claims made concerning the 
superiority of the FPGA-Based implementation of the 
discrete wavelet transform over other implementations.   
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Abstract 

 
Classifying text by discovering hidden patterns within 
unstructured text collections and interpreting results 
automatically are two important aspects of text mining. In 
this paper we present the adaptation of the 
Recommendation Architecture (RA) model for successfully 
classifying text documents as well as revealing the 
concepts underlying the classification. The 
Recommendation Architecture model is a connectionist 
model that simulates the pattern synthesizing and pattern 
recognition functions of the human brain. We propose to 
extend the RA model to effectively apply to the problem of 
text classification. Two algorithms are added to increase 
the recognition accuracy of its columns (clusters) through 
a mechanism of self-correction. We also enable the use of 
word frequency information of the document vectors when 
recognizing patterns, which increases the sensitivity of the 
created columns (clusters). To assign meaning to the 
patterns discovered automatically, a labelling scheme is 
introduced. We label the columns by extracting the words 
(features) that contributed most to building them. We also 
present a formal symbolic notation to describe the 
functional components of the RA model.  A set of 
experiments is carried out with the TREC CD-5 containing 
news articles from the Foreign Broadcasting Information 
Services and LA Times. Here we present the experiment 
results demonstrating the performance of the RA with the 
new extensions. 

  
Keywords feature selection, Recommendation 
Architecture, pattern discovery, text classification, text 
mining. 

1 Introduction 
In situations where a document corpus is unclassified, 
being able to automatically discover document classes and 
to be able to label them meaningfully for human 
identification has wide applications in text mining. 
Organized collections of data also facilitate data mining 
where it enables the user to find pieces of relevant 
information that they are not explicitly searching for [9]. 
The Self-Organizing Map (SOM) [9] is the most prominent 
Artificial Neural Network (ANN) model applied for text 
classification using an unsupervised learning paradigm. 
Though WebSOM allows interactive exploration of a 
document collection its cluster boundaries are not explicit 
as it shows a single picture of the underlying data. A 
profound insight into the underlying document collection is 
needed as separation into clusters is not done 
automatically. In LabelSOM [14, 15] labelling of output 
units is done but the map increases in size according to the 
number of topics present, limiting its usability for display 
and navigation of corpuses with large number of topics. 
Hierarchical Feature Maps [10] present a solution to SOMs 
becoming too large as it adds an independent SOM in the 
next layer for every neuron in the layer below. The main 
shortcoming of this ANN model is that the architecture has 
to be define a priori i.e. the number of layers as well as the 
size of the map on each layer has to be specified. 
 

The Recommendation Architecture theory of human 
cognition proposed by Coward [2, 3] is a computational 
approach which simulates the ability of the human brain in 
discovering patterns among objects. It is known that the 
learning in the human brain is carried out by associating 
new patterns with previous experiences and also that the 
later learning does not disrupt earlier learning. Once a 
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pattern is learnt it leaves a large area sensitized for a 
pattern with some similarity to be recognized [1]. The 
proposed Recommendation Architecture Model is designed 
to mimic such learning. The RA consists of two 
functionally separated subsystems called the clustering 
subsystem and the competitive subsystem. Here the 
clustering subsystem is a modular hierarchy, which 
functions by detection of functionally ambiguous 
repetition. The system gets built up to a few columns 
depending on the input space. A high dimensional vector 
can be used as the input to the RA whereas the output is a 
set of columns (clusters) representing groups of similar 
texts. A large input space would be compressed to a few 
outputs from a few columns. Columns are built when 
similar inputs are exposed to the system and are imprinted 
creating a path to the output. Once columns are built, the 
incoming inputs are matched with their first level or the 
sensory level to see whether they have any similarity to the 
existing columns. If a totally new pattern arrives repeatedly 
as input a new column is created, unlike hierarchical 
feature maps or basic self-organizing maps having a fixed 
architecture which have to be defined a-priori [6]. The RA 
has performed very well with statistically generated data 
[4] and is in the process of being applied to real-world 
problems [5, 11, 12, 13].  

 
A major difficulty for text classification algorithms, 

especially the machine learning approaches, is the high 
dimensionality of the feature space. Many efforts were 
made to map the meaning of words to concepts and to 
cluster the concepts into themes [7, 17]. The RA model has 
demonstrated [4, 5, 11, 12, 13] that it can divide experience 
into ambiguous but roughly equal and largely orthogonal 
conditions and learn to use the indication of the presence of 
the conditions to determine appropriate similarity. The 
experience is heuristically divided up into input 
information conditions that repeat, and different 
combinations of conditions are heuristically associated 
with different outputs. The RA is able to handle high 
dimensional vectors as input as well as large data sets. The 
limits are set only due to execution speed.  

 
In this paper we describe the successful adaptation of 

the RA to classify a set of newspaper articles from TREC 
CD-5 corpus. We extend the clustering system of the RA to 
increase the sensitivity and to enhance the recognition 
accuracy of the columns. We also devise a method to 
automatically label the created columns (clusters) based on 
the features learned during the training process and also 
depict the co-occurrence of frequent features. The final 
output is organized in such a way that the actual documents 
which responded to a particular column can be accessed 
directly.  

 
 This paper is organized as follows: Section 2 describes 

the functional overview of the Recommendation 
Architecture; in Section 3 we discuss the extensions done 
to the RA; Section 4 presents the experiment conducted; 
Section 5 is the discussion of the results; and Section 6 is 
the conclusion and also gives indications of the future work 
planned. 

2 Recommendation Architecture 
Conventional software systems with the division of 
memory and processing require unambiguous context for 
information exchanged between modules, which leaves 
little room to modify functionality [2]. In the RA, 
information exchanged between the modules is regarded as 
action recommendations instead of instructions. Thus the 
output from a module is a recommendation rather than a 
command and any input may generate many 
recommendations that must be resolved into a single 
recommendation.  
 

The two key features of the RA model are that the 
functionality is not defined by design and the system 
components exchange partially ambiguous information. 
The system defines its own functionality depending on the 
given inputs, a set of basic actions and a few internal 
operational measures for success and failure conditions. 
Ability to modify its functionality heuristically enables 
learning in the RA. The modules cannot use direct 
consequence information such as an output from a 
component as an input to another component because they 
may need to increase the number of inputs they receive, 
thus changing part of their output behaviour without 
knowing the modules that use their outputs. Therefore it is 
difficult to maintain an unambiguous context for the 
information exchanged. In the RA, the information 
exchanged is partially ambiguous (but not meaningless) 
and the functional components detect ambiguous 
repetitions and generate corresponding recommendations. 

 
 Inputs to the clustering subsystem are a set of repeating 
patterns which sets up a sequence of activity. In time, 
patterns get imprinted and allow recognition of familiar 
objects. Outputs from the clustering subsystem are 
regarded as recommendations, which are given as inputs to 
the competitive function. From alternative 
recommendations, the competitive function selects the 
most appropriate action.  
 
 

 
Fig.1 Overview of the 4 layers of the Recommendation 
Architecture 
  
The Recommendation Architecture model [3] is a 
hierarchical architecture with uniform functionality at 
lower levels of every layer. The RA design tries to achieve 
an approximate equality among the functional components 
and attempts to minimize the information exchange 
between components. 
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2.1 Formal Description of Functional 
Components 

 
A Document corpus D’ is represented by a set of 
appropriately selected words called the feature set F with 
cardinality n. A document d in D' is represented by a 
binary input vector dv, each bit denoting presence or 
absence of a particular feature f in d, where f∈F. Thus,  

 
dv = { f i}, i=1,…, n where dv is 1 when f is in 

 d, and 0 otherwise. 
 
The basic component in the RA is the device. A device has 
a set of input connections R, a threshold t and a binary 
output o. The set of input connection comprises of two 
types of connections; regular connections Rr and virgin 
connection Rv.  The set of regular connections are the 
inputs that the device has responded to before and they 
function as permanently imprinted connections. The virgin 
connections function to sensitize the device to respond to 
inputs similar to those which the device already responds 
to.  

 
xd〈R,o,t〉where R = {Rr , Rv} 

 
There are two types of devices; regular devices rd and 
virgin devices vd. Regular devices have patterns already 
imprinted and virgin devices have provisional connectivity 
for new patterns to be imprinted. A layer consists of set of 
devices. 
 
The clustering subsystem comprises of the three layers α, β 
and γ. The competitive function is embedded in the fourth 
layer which is the competitive or behavioural layer (Fig. 1). 
 
1 First layer (Alpha layer) selects the inputs from which 

information will be allowed to influence the column.  
3 Second layer (Beta layer) recommends imprinting of 

additional repetitions in all layers.  
4 Third level (Gamma layer) is the output identification 

layer and any output inhibits imprinting in all layers.  
5 Fourth layer is the competition or behavioural layer.  
 
As the clustering subsystem is organized into columns, 
each column consists of all three layers α, β and γ. Thus, a 
device in the system belongs to a particular layer (l) and a 
column (c) and is denoted as; 
 

  

! 

xd R,o,t
c

l
 

A layer in column c consists of a set of virgin devices 
(DV) and a set of regular devices (DR); 
 

DR = {rdi} 
DV = {vdi} 

 
Thus, the set of all devices in layer l is lDR  ∪ lDV  and for 
simplicity this is denoted as lD with an index set I. 
 

We define the access function " → " in lD to access the 
input connections (R), output connection (o) and threshold 
(t) of each of the devices in lD. Thus, the input connections 
(R), output connection (o) and threshold (t) of the ith 
device in lD are expressed as lD→Ri, lD→oi and lD→ti 
respectively. 
 
A layer responds to a set of inputs xR, where xR is lD→Ri 
and the response space of layers α, β and γ are defined as 
αR, βR and γR respectively. 
 
A layer produces a set of outputs xO and the outputs of 
layers α, β and γ are defined as αO, βO and γO 
respectively. 

xO = {i∈I | lD→oi = 1} 
 
The three layers α, β and γ in column c are denoted as 

c
VR O,R,D,D !!!!!  

c
VR O,R,D,D !!!!!  

c
VR O,R,D,D !!!!!  

The three layers of a column are configured as follows: 
• αR responds to the set of binary vectors in the 

document corpus D' and a set of management 
signals M1 

• βR responds to the set αO and a set of 
management signals M2 

• γR responds to the set βO and a set of 
management signals M3 

 
The management signals Mx, include both inhibitory and 
excitatory signals. Inhibitory signals stop device firing, 
whereas excitatory signals decrease the thresholds of 
devices thereby increasing the likelihood of firing. By 
changing device thresholds they perform global 
management functions like selecting the repeating inputs, 
intra-column activity management like modulating 
thresholds, and inter-column activity management such as 
increasing thresholds for all other columns if a gamma 
device fires in a particular column.  
  
A column C consisting of the three layers described above 
is the functional module in the system and is denoted as; 
 

C〈α, β, γ 〉 
 
A set of columns is called a Region RG.  

RG  = { Ci} 
 
With the column input dv, if the column output is γO, and 
γO≠∅, then dv is said to be acknowledged by the column. 
 

The system operates in two phases. In the 'wake period' 
the system takes in the incoming patterns. In the 'sleep' 
period the system synthesizes for the future including 
setting of the provisional connectivity to virgin devices. 
Coward [1] points out the resemblance of the sleep process 
with REM sleep of mammals where recorded information 
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is not changed. New columns are created with randomly 
initialised virgin devices. Inputs to the virgin devices of the 
first layer have a statistical bias towards the combinations 
which have frequently occurred when no other column has 
produced output. In a column that is already operating, 
inputs to virgin devices are randomly assigned with a 
statistical bias in favour of inputs that have recently fired. 
The system activates at most one unused column per wake 
period, and only if that column has been pre-configured in 
a previous sleep phase. Usually, an adequate number of 
virgin devices exist with appropriate inputs to support a 
path to output and if not, then more devices are configured 
during the next sleep phase. 

 
The number of columns created after a few wake and 

sleep periods does not have any relation to the number of 
cognitive categories of objects. Because of the use of 
ambiguous information, strictly separated learning and 
operational phases are not necessary. After a few wake-
sleep periods the system continue to learn while outputs are 
being generated in response to early experiences. The 
system becomes stable as the variation in input diminishes. 
If a totally different set of inputs were presented a new 
column would be added automatically. If column outputs 
should be different for similar input patterns then more 
repetition information should be provided through 
additional inputs. The additional inputs will aid the system 
to better identify the differences in input patterns. 
 
3  Extending the Clustering Subsystem 

of the RA 
 
The following extensions to the clustering sub-system of 
the RA model were done to enhance the performance of the 
system for effective text classification. 

3.1 Increasing Column Quality 
We added two algorithms to discard sparsely built columns 
and spurious columns while processing by using a 
mechanism of self-correction. We discovered two 
scenarios of column imprinting which results in 
excessively generic columns (acknowledging documents 
from too many topics) and too specific columns 
(acknowledging too few documents). If a column is 
initially created for input vectors with a rare combination 
of features, there may not be any similar vectors to help the 
column build up. According to the current algorithm a new 
column will not be created until the last created column 
starts giving an output. This situation hinders other 
columns being created if the last column does not improve. 
Conversely, if a too general vector started the creation of 
the column, it becomes sensitive to many different types of 
inputs, which makes it difficult to find corresponding 
topics for such a column. If the input vectors do give 
output from such a column they will not be regarded as 
vectors that were left behind either. The vectors left behind 
repeatedly form the pool which enable the system to create 
new columns. Our new algorithms automatically detect and 
remove too generic and too specific columns with a cut off 
tolerance for column output produced within a given 
period. To specify the tolerance limit we use only the 

knowledge of the distribution of the data, such as that 100 
input vectors from 10 different topics are presented per 
‘wake’ period.  

3.2 Feature Intensity Recognition 
The basic device of the RA model is sensitive to the 
absence or presence of a particular feature, but not to the 
intensity of existence of a feature. We extend the basic 
device to be sensitive to the intensity of the input. To 
support intensity as a feature attribute, the system must be 
able to discriminate between the function of information 
recognition and information recording. Inputs are 
preprocessed to include multiple occurrences of a feature to 
indicate the intensity of its occurrence.  Information is 
recorded or imprinted by means of converting a virgin 
device to a regular device. The algorithm was modified in a 
way that, though it counts multiple occurrences of a feature 
for device threshold calculation, the imprinting of a feature 
in a device was limited to one. This allows the system to 
recognize the intensity of a feature as an attribute as 
opposed to treating the multiple occurrences as distinctly 
different features. 
 
 The clustering system was modified to directly accept 
integer vectors indicating the word occurrence frequency. 
The time required for processing is drastically reduced if 
that is done in the pre-processing stage and only the index 
numbers indicating the existence and the frequency of 
words are given, as done in the current experiment. 

3.3 Automatic Column Labeling 
As the system is presented with input experiences, the 
clustering subsystem organizes itself into sets of columns 
identifying similarities among the data. Each column will 
identify a particular pattern prevalent in the inputs, which 
is independent of pre-existing classifications. Though a 
document is judged as relevant to one or more TREC 
topics it may have other strong characteristics in common 
with a subset of documents belonging to a different topic. 
It is possible that the system may discover those patterns 
and group those documents together. By labelling the 
columns we can make a judgement about the actual topics 
the system is using to cluster the documents.  
 

Each column is labelled by assigning it a word map. 
The map consists of single words and word pairs. The 
collection of single words helps to understand the grouping 
of the documents and word-pairs help to understand the 
context of each word. For example, if the three words, car, 
traffic, stolen is present in a label, knowing that the car-
stolen pair is more frequently occurring than car-traffic 
suggests that the topic may be more relevant to car theft 
than normal car use.  

 
 The system keeps memory of the normalized 
frequency of each feature that contributed to firing a device 
in all layers. We extend the system to use this data to label 
each new column. The most frequently occurring 20 
features in an input vector to the alpha (first) layer of a 
specific column are extracted as the column label. We also 
extended the algorithm to keep a record of the feature pairs 
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that occur together when a device is fired. These feature 
and feature pair lists are then used as the map that 
describes each of the columns.  

4 Overview of the Experiments 
We built a reference implementation of the clustering 
subsystem of the RA model in C++. The model was 
realized as a set of multi-dimensional dynamic linked lists. 
As the system runs, a long series of documents are 
presented to the clustering system to organize its 
experiences into a hierarchy of repetitions. A few system 
parameters were fine tuned to get the system stable after a 
few hours of processing in a 1GHz desktop computer with 
256 MB RAM. 
 
4.1 Text Representation 
 
The data set consists of a randomly selected set of 20,000 
news articles from the Foreign Broadcasting Services 
(FBIS) and the LA Times, from the TREC CD-5 corpus 
[18]. Though the articles are judged for relevance to 50 
topics in the TREC relevance judgements, only 10 topics 
have more than 100 articles each. Therefore we use only 
those 10 categories with 2500 documents available in total 
for our experiments. The documents were from the ten 
topic categories: 401, 412, 415, 422, 424, 425, 426, 434, 
436 and 450. These topics as given in the TREC relevance 
judgment information document are: 401 – foreign 
minorities in Germany, 412 – airport security, 415 – drugs 
and golden triangle, 422 – art, stolen, forged, 424 – 
suicides, 425 – counterfeiting money, 426 – dogs, law 
enforcement, 434 – economy in Estonia, 436 – railway 
accidents, 450 – King Hussein and peace. A few 
documents in the data set were known to be categorized as 
relevant to more than one topic by TREC classification. 
 

We give a priori guidance to the system when selecting 
features in favour of the inputs more likely to provide 
useful discrimination. Unguided input space presentation 
results in heuristic categories [11] which makes it very 
difficult to evaluate performance with standard criteria. In 
the two-step feature selection, we select the most 
discriminating terms for each category and use the corpus 
frequency to discard the most common words and rare 
words without using a separate stop-word list [16]. We saw 
that when selecting a set of words for each topic, if only 
word-frequencies for each document are considered, a few 
categories were left with very few remaining words. 
Mainly, topic 450 was left with very few words, and they 
contribute very little to the content of the documents. 
Therefore we extend this method to use a threshold based 
selection scheme to select words. Stemming was not done 
here but will be considered for future experiments. 

 
4.2 Experiments 
 
Two experiments were carried out to evaluate the 
performance of the system with different extensions. The 
algorithms for discarding sparsely-built and spurious 
columns were used in both experiments as well as column 
labeling. For Experiment 1, the documents were mapped to 

binary vectors denoting the presence or absence of the 
selected features.  
 

Experiment 2 was done with feature intensity 
recognition enabled. An integer vector was formed by 
counting the frequency of occurrence of each feature 
(word) in the document to represent each document. In the 
document vector, the index denotes the feature and the 
content indicates the frequency of occurrence of the 
feature. Document vectors were normalized so that the 
maximum number of a feature frequency was 5, to reduce 
the discrepancies in the sizes of the documents. Finally, the 
input vectors were prepared by expanding each normalized 
vector with its index. If the content of a particular index in 
the normalized vector was greater than 1, then multiple 
copies of that index was written as the input vector. These 
input vectors were then presented to the clustering 
subsystem of the RA. 
 
  For both Experiments, the training set comprises of a 
set of 1500 document vectors consisting of 150 vectors 
from each topic. A few vectors from a few topics are 
duplicated once to get the minimum of 150. The test set 
comprises of a new set of 1000 (500 unique vectors 
duplicated once to make 1000) document vectors, which 
are not used for training or feature selection.  

5 Results and Discussion 
The input vectors were presented to the system in a series 
of runs with alternating ‘sleep’ and ‘wake’ periods. Within 
each ‘wake’ period 100 vectors were presented, 
representing 10 documents from each group to ensure 
variety of input. The vectors were interleaved to avoid 
consecutive inputs from the same category.  
 
5.1 Experiment 1 
 
Here the system was working with binary document 
vectors that indicate only the presence or absence of a 
feature. The system ran for a total of 225 ‘wake’ periods 
and 225 ‘sleep’ periods. When the data is being presented, 
the system would start imprinting columns for repeating 
input patterns.  As the system gains sufficient experience 
(number of presentations), gamma level outputs (Level 3) 
can be seen from the particular columns. They represent an 
identified pattern in the data set.  
 
  The system created only 8 stable columns. Column 9 
was automatically discarded due to lack of outputs it 
produced over 5 ‘wake’ periods. From the other 8 columns, 
6 produced output mainly from one topic and two columns 
produced output from multiple topics (Table 1).  
 
Precision for each column is calculated as: 

 

column   by  the  edacknowledg 

  documents  ofnumber    Total

column  by  the  edacknowledg  

correctly  documents  ofnumber    Total

   Precision =  
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Column 
No. 

Major document 
topics discovered  

Precision as a % 

  Training 
set  

Test set 

1 412 67.0 36.4 
2 401 71.1 62.8 
3 415 84.7 76.5 
4 424,425,426 84.4 75.0 
5 422 75.0 50.0 
6 450 75.8 68.1 
7 436 72.6 54.5 
8 424,425 75.6 61.8 
Average Precision (%) 75.77 60.50  

 
Table 1. Precision of each column regarding to the major 
document category identified. 
 
5.2 Experiment 2 
 
The system ran for a total of 126 ‘wake’ periods and 126 
‘sleep’ periods with the training data set. When the data is 
being presented, the system would start imprinting 
columns for repeating input patterns  
 
  The system created 10 stable columns. From the 10 
columns, 8 produced output mainly from one topic and two 
columns produced output from multiple topics (Table 2).  
 

Column
No. 

Major document 
topics discovered  

Precision as a %  

  Training 
set  

Test set 

1 450 83.7 81.5 
2 436 63.8 52.5 
3 401 80.7 71.4 
4 415 96.9 89.5 
5 422 83.3 81.4 
6 412 80.4 57.6 
7 425 66.3 45.7 
8 401,425,434 81.0 56.7 
9 424 78.6 60.0 
10 401,425,426 82.3 53.3 
Average Precision (%) 797 65.0 

 
Table 2. Precision of each column regarding to the major 
document category identified.  
 

Experiment 2 produced 10 columns with 8 columns 
uniquely identifying one TREC topic whereas the earlier 
one produced 8 columns with only 6 uniquely identifying 
TREC topics. The feature intensity recognition extension 
also results in improvement in average systems precision 
from 60.5% (Experiment 1) to 65.0% (Experiment 2) for 
test data set. It is also interested to note the improvement in 
worst-case precision in Experiment 1 topic 412 from 
36.4% to 57.6% in Experiment 2. In both cases it can be 
seen that the system was able to cluster documents closely 
mapping to the clustering done by the TREC relevance 
judgement scores.   

 
Previously assigned TREC topic  Column 
Automatically extracted words for 
column label 
450 - King Hussein and peace  1 
jordan, israel, amman, arab, 
washington, palestinian, order, military, 
secretary, role, administration, american  
436 - railway accidents 2 
train, cars, freight, crossing, travelling, 
federal, transportation, hit, tons, front, 
stop, hospital 
401 – foreign minorities in Germany 3 
german, federal, bonn, violence, party, 
future, democratic, europe, military, 
extremist, social, border, klaus 
415 – drugs and golden triangle 4 
khun, burma, sa, opium, asia, thailand, 
bangkok, shan, army, narcotics, order, 
rangoon 
422 – art, stolen, forged 5 
art, stolen, artist, gallery, painting, 
dealer, museum, arrested, dutch, 
german, french, collection 
412 – airport security  6 
airlines, federal, airport, aviation, flight, 
air, american, administration, 
washington, bomb, screening, scotland  
425 – counterfeiting money 7 
counterfeit, order, social, party, crime, 
arrested, legal, russia, economy, 
printing,  notes, german 
401 – foreign minorities in Germany, 
425 – counterfeiting money, 434 - 
economy in Estonia 

8 

goods, future, efforts, social, federal, 
estonian, cooperation, germany, 
products, order, party, financial, 
equipment, industrial, population 
424 – suicides 9 
judge, kevorkian, prosecutor, michigan, 
ruled, jack, jail, deputies, motel, doctor 
arrested, medical  
401 – foreign minorities in Germany, 
425 – counterfeiting money, 426 – 
dogs, law enforcement 

10 

car, officers, german , arrested, federal, 
dog, search, military, american, 
incident, party, stolen, suspects, crime, 
robbery 

 
Table 3. TREC assigned topic/topics for the major group 
discovered by each column and labels assigned to the 
columns by the system. 
 

Table 3 shows the labels assigned by the system to each 
column in the Experiment 2. It can be seen that some topics 
contain articles, which are common across multiple TREC 
topics. The system identifies these documents together as a 
single group. For example, topics 401 (foreign minorities 
in Germany), 425 (counterfeiting money) and 434  
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(economy in Estonia) produce the majority of the output 
from column 8. The words describing the column 8 mainly 
gives the idea of social and economic situations whereas 
column 10 producing output from 401 (foreign minorities 
in Germany), 425 (counterfeiting money) and 426 (dogs, 
law enforcement) gives the idea of crime, robbery and 
arrests. Though topics 401 and 425 are combined with 
another topic in both cases, the words describing the 
columns clearly show the difference between the two 
columns. 

 
We calculate the frequency that two words are present 

together as input to a device when it fires. Table 4 is a part 
of the word list for Column 1 which corresponds to TREC 
topic 450 (King Hussein and peace) and a part of Column 2 
which corresponds to topic 436 (railway accidents). For all 
the clusters a similar list is produced which depicts the 
context for a feature in Table 3. For example, it can be seen 
that the word ‘role’ occurs in the context of a 
country/region as oppose to military, administrative or 
secretarial which correspond to the other frequent words in 
the label map. 

 
 

Column 1 
Word 1 Word 2 

Role 

palestinian, washington, israel, 
arab,  israeli,  negotiations, 
efforts, future, jordan, amman, 
region 

palestinian 

washington, israel, arab, israeli, 
negotiations, efforts, future,  
jordan, amman , region  

rabin jordan 
al'aqabah israel, jordan, amman 
signing israel, jordan, amman, israel, arab 
washington israeli 
…….. …………………………. 
Column 2 
Word 1  Word 2 
social europe, legal, future, region 

federal 

transportation, equipment, 
evidence, executive, weeks, 
investigation, operation, 
administration, customs, legal, 
cars,  traffic, future 

transportation 
administration, freight, train, cars, 
traffic, trains 

………. ………………… 
 
Table 4. Frequently occurring features pairs (a section for 
column 1 and a section for column 2)  

6 Conclusion and Future Work 
Automated text classification and interpretation of the 
classified groups are two important aspects of text mining 
which are very useful in content based organization of 
large text collections. Text classification is a process of 
uncovering the associative similarities between various 
documents. The inherent features of the RA model in 
pattern abstraction and recognition makes it suitable for 

solving this kind of real-world problem. Instead of 
requiring a mapping of words to concepts before 
presentation to the system, here the system discovers its 
own higher-level similarities. 
 

An input vector specific to a topic contributes to 
creation of a much more precise column than a very 
general one. Discarding poorly built columns and spurious 
columns reduces the effect of too specific and too general 
input vectors being the starting point of a column. The 
benefit of the enhancement to the RA model for feature 
intensity recognition is also clearly shown. 

 
Finding the descriptive words for the columns and their 

relationship to one another is very informative in 
interpreting the results. Especially where more than one 
predefined category produce output from the same column 
the characteristic of the column become self-explanatory. 
In future, a graphical notation will be developed to depict 
the relationship among the most relevant and determining 
features in the input in forming a column. 

 
Further refinement to describe the algorithms of the RA 

model in symbolic notation is also being made. 
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