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This special issue is dedicated to Professor Lotfi A. Zadeh, the father of fuzzy logic

The theory of fuzzy logic is based on the notion of relative
graded membership, as inspired by the processes of human
perception and cognition. Lotfi A. Zadeh published his first
famous research paper on fuzzy sets in 1965. Fuzzy logic can
deal with information arising from computational perception
and cognition, that is, uncertain, imprecise, vague, partially
true, or without sharp boundaries. Fuzzy logic allows for
the inclusion of vague human assessments in computing
problems. Also, it provides an effectivemeans for conflict res-
olution of multiple criteria and better assessment of options.
New computing methods based on fuzzy logic can be used in
the development of intelligent systems for decision making,
identification, pattern recognition, optimization, and control.

Fuzzy logic is extremely useful for many people involved
in research and development including engineers (electrical,
mechanical, civil, chemical, aerospace, agricultural, biomed-
ical, computer, environmental, geological, industrial, and
mechatronics), mathematicians, computer software develop-
ers and researchers, natural scientists (biology, chemistry,
earth science, and physics), medical researchers, social scien-
tists (economics,management, political science, and psychol-
ogy), public policy analysts, business analysts, and jurists.

Indeed, the applications of fuzzy logic, once thought to
be an obscure mathematical curiosity, can be found in many
engineering and scientificworks. Fuzzy logic has been used in
numerous applications such as facial pattern recognition, air
conditioners, washing machines, vacuum cleaners, antiskid
braking systems, transmission systems, control of subway sys-
tems and unmanned helicopters, knowledge-based systems
for multiobjective optimization of power systems, weather
forecasting systems, models for new product pricing or
project risk assessment, medical diagnosis and treatment
plans, and stock trading. Fuzzy logic has been successfully
used in numerous fields such as control systems engineering,
image processing, power engineering, industrial automa-
tion, robotics, consumer electronics, and optimization. This
branch of mathematics has instilled new life into scientific
fields that have been dormant for a long time.

Thousands of researchers are working with fuzzy logic
and producing patents and research papers. According to
Zadeh’s report on the impact of fuzzy logic as of March 4,
2013, there are 26 research journals on theory or applications
of fuzzy logic, there are 89,365 publications on theory or
applications of fuzzy logic in the INSPEC database, there are
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22,657 publications on theory or applications of fuzzy logic in
theMathSciNet database, there are 16,898 patent applications
and patents issued related to fuzzy logic in the USA, and
there are 7149 patent applications and patents issued related
to fuzzy logic in Japan.The number of research contributions
is growing daily and is growing at an increasing rate. Zadeh
started the Berkeley Initiative in Soft Computing (BISC),
a famous research laboratory at University of California,
Berkeley, to advance theory and applications of fuzzy logic
and soft computing.

The objective of this special issue is to explore the
advances of fuzzy logic in a large number of real-life applica-
tions and commercial products in a variety of fields. Although
fuzzy logic has applications in a number of different areas, it
is not yet known to people unfamiliar with intelligent systems
how it can be applied in different products that are currently
available in the market. For many people, the engineering
and scientific meaning of the word fuzzy is still fuzzy. It is
important that these people understandwhere and how fuzzy
logic can be used.

In “Detection and elimination of a potential fire in engine
and battery compartments of hybrid electric vehicles” by
M. S. Dattathreya et al, the authors present a novel fuzzy
deterministic noncontroller type (FDNCT) system and an
FDNCT inference algorithm (FIA). The FDNCT is used in
an intelligent system for detecting and eliminating potential
fires in the engine and battery compartments of a hybrid
electric vehicle. They also present the simulation results of
the comparison between the FIA and singleton inference
algorithms for detecting potential fires and determining the
actions for eliminating them.

In “Comparison of detection and classification algorithms
using boolean and fuzzy techniques” by R. Dixit and H. Singh,
the authors compare various logic analysis methods and
present results for a hypothetical target classification sce-
nario.They show how preprocessing can reasonably preserve
result confidence and compare the results between Boolean,
multiquantization Boolean, and fuzzy techniques.

In “BDD, BNN, and FPGA on fuzzy techniques for rapid
system analysis” by R. Dixit and H. Singh, the authors look
at techniques to simplify data analysis of large multivariate
military sensor systems.

In “A fuzzy preprocessing module for optimizing the access
network selection in wireless networks” by F. Kaleem et al,
the authors present the design and implementation of a
fuzzy multicriteria scheme for vertical handoff necessity
estimation. Their method determines the proper time for
vertical handoff while considering the continuity and quality
of the currently utilized service and end-user satisfaction.

In “A soft computing approach to crack detection and
impact source identification with field-programmable gate
array implementation” by A. M. Dixit and H. Singh, the
authors present a fuzzy inference system to automate crack
detection and impact source identification (CDISI) and
present their work on a microchip for automated CDISI.

In “Analysis of adaptive fuzzy technique for multiple crack
diagnosis of faulty beam using vibration signatures” by A. K.
Dash, the author proposes a method for multicrack detection
of structure using a fuzzy Gaussian technique.

In “Effect of road traffic noise pollution on human work
efficiency in government offices, private organizations, and
commercial business centres in agartala city using fuzzy expert
system: a case study” by D. Pal and D. Bhattacharya, the
authors examine the reduction in human work efficiency due
to growing road traffic noise pollution. Using fuzzy logic, they
monitor and model disturbances from vehicular road traffic
and the effect on personal work performance.

In “A Hybrid approach to failure analysis using stochastic
petri nets and ranking generalized fuzzy numbers” by A. D.
Torshizi and J. Parvizian, the authors present an innovative
failure analysis approach that combines the flexibility of fuzzy
logic with the structural properties of stochastic Petri nets.
This algorithm has a diverse range of industrial applications.

In “Excluded-mean-variance neural decision analyzer for
qualitative group decision making” by K.-Y. Song et al,
the authors introduce an innovative mean-variance neural
approach for group decision making in uncertain situations.
The authors provide a case study with the excluded-mean-
variance approach that shows that this approach can improve
the effectiveness of qualitative decision making by providing
the decision maker with a new cognitive tool to assist in the
reasoning process.

In “Warren, McCain, and Obama needed fuzzy sets at
presidential forum” by A. M. G. Solo, the author shows how
the moderator and presidential candidates in a presidential
forum needed fuzzy logic to properly ask and answer a
debate question. The author shows how an understanding
of fuzzy logic is needed to properly ask and answer queries
about defining imprecise linguistic terms.Then A.M. G. Solo
distinguishes between qualitative definitions and quantitative
definitions of imprecise linguistic terms and between crisp
quantitative definitions and fuzzy quantitative definitions of
imprecise linguistic terms.

In “A fuzzy rule-based expert system for evaluating intel-
lectual capital” by M. H. F. Zarandi et al, the authors describe
their fuzzy expert system for evaluating intellectual capital.
This assists managers in understanding and evaluating the
level of each asset created through intellectual activities.

Therewere 20 research papers submitted.Only 11 research
papers were accepted. Therefore, 55% of submitted research
papers were accepted. Research papers were accepted from
22 researchers at 13 universities and research institutions in
the USA, Canada, India, Japan, and Iran.

This special issue describes many important research
advancements in real-life applications of fuzzy logic. Also, it
creates awareness of real-life applications of fuzzy logic and
thereby encourages others to do research and development in
more real-life applications of fuzzy logic.There are numerous
other applications of fuzzy logic that have to be researched
and developed.

Harpreet Singh
Madan M. Gupta
Thomas Meitzler
Zeng-Guang Hou
Kum Kum Garg
Ashu M. G. Solo
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Foreword by Lotfi A. Zadeh, Father of Fuzzy Logic
I am deeply appreciative of the dedication to me of this

special issue, of the journal of Advances in Fuzzy Systems.
Additionally, I appreciate very much being asked by the
editors to contribute a brief foreword. Forme, the foreword is
an opportunity to offer a comment on the theme of the special
issue.

First, a bit of history, my 1965 paper on fuzzy sets was
motivated by my feeling that the then existing theories pro-
vided nomeans of dealing with a pervasive aspect of reality—
unsharpness (fuzziness) of class boundaries. Without such
means, realistic models of human-centered and biological
systems are hard to construct. My expectation was that fuzzy
set theory would be welcomed by the scientific communities
in these and related fields. Contrary to my expectation, in
these fields, fuzzy set theory was met with skepticism and,
in some instances, with hostility. What I did not anticipate
was that, for many years after the debut of fuzzy set theory,
its main applications would be in the realms of engineering
systems and consumer products.

The first significant real-life applications of fuzzy set
theory and fuzzy logic began to appear in the late seventies
and early eighties. Among such applications were fuzzy logic-
controlled cement kilns and production of steel. The first
consumer product wasMatsushita’s shower head, 1986. Soon,
many others followed, among them home appliances, photo-
graphic equipment, and automobile transmissions. A major
real-life application was Sendai’s fuzzy logic control system
which began to operate in 1987 and was and is a striking
success. In the realm of medical instrumentation, a notable
real-life application is Omron’s fuzzy- logic-based and widely
used blood pressure meter.

The past two decades have witnessed a significant change
in the nature of applications of fuzzy logic. Nonengineering
applications have grown in number, visibility, and impor-
tance. Among such applications are applications in medicine,
social sciences, policy sciences, fraud detection systems,
assessment of credit-worthiness systems, and economics.
Particularly worthy of note is the path-breaking work of
Professor Rafik Aliev on application of fuzzy logic to deci-
sion making in the realm of economics. Once his work is
understood, it is certain to have a major impact on economic
theories.

Underlying real-life applications of fuzzy logic is a key
idea. Almost all real-life applications of fuzzy logic involve the
use of linguistic variables. A linguistic variable is a variable
whose values are words rather than numbers. The concept
of a linguistic variable was introduced in my 1973 paper. In
science, there is a deep-seated tradition of according much
more respect for numbers than for words. In fact, scientific
progress is commonly equated to progression from the use of
words to the use of numbers. My counter traditional sugges-
tion to use words in place of numbers made me an object of
severe criticism and derision fromprominentmembers of the
scientific community. The point which I was trying to make
was not understood.

Underlying the concept of a linguistic variable is a
fact which is widely unrecognized—a fact which relates
to the concept of precision. Precision has two distinct

meanings—precision in value and precision in meaning. The
first meaning is traditional. The second meaning is not. The
second meaning is rooted in fuzzy logic. Example. Consider
the proposition, p: Robert is young. So far as Robert’s age
is concerned, p is imprecise in value, but so far as meaning
is concerned, p is precise in meaning if tall is interpreted
as a fuzzy set with a specified membership function. More
concretely, when in fuzzy logic a word represents the value of
a variable, the word is precisiated by treating it as a specified
fuzzy set. This is the key idea which underlies the concept
of a linguistic variable—an idea which opens the door to
exploitation of tolerance for imprecision. Precision carries a
cost. When there is some tolerance for imprecision, the use
of words serves to reduce cost. Equally importantly, the use of
words serves to construct bettermodels of reality.This is what
my prominent critics did not appreciate. There is a lesson to
be learned.

In conclusion, a word about the methodology of comput-
ing with words (CWW). CWW is rooted in the concept of
a linguistic variable. CWW opens the door to construction
of mathematical solutions of computational problems which
are stated in natural language. In coming years, CWW is
likely to play an increasingly important role in origination
and development of real-life applications of fuzzy logic.

Lotfi A. Zadeh
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A heterogeneous wireless network is characterized by the presence of different wireless access technologies that coexist in an
overlay fashion.These wireless access technologies usually differ in terms of their operating parameters. On the other hand, Mobile
Stations (MSs) in a heterogeneous wireless network are equipped with multiple interfaces to access different types of services from
these wireless access technologies. The ultimate goal of these heterogeneous wireless networks is to provide global connectivity
with efficient ubiquitous computing to these MSs based on the Always Best Connected (ABC) principle. This is where the need
for intelligent and efficient Vertical Handoffs (VHOs) between wireless technologies in a heterogeneous environment becomes
apparent. This paper presents the design and implementation of a fuzzy multicriteria based Vertical Handoff Necessity Estimation
(VHONE) scheme that determines the proper time for VHO, while considering the continuity and quality of the currently utilized
service, and the end-users’ satisfaction.

1. Introduction

During recent years, the need for global connectivity to
access different types of services at any place and any
time has significantly increased. The latest innovations [1]
in wireless access technology provide uninterrupted on-
demand services, such as real-time multimedia, which are
independent of device type, locations, and available networks
[2]; the ultimate goal is to maintain a satisfactory end-user
experience by providing the necessary quality and continuity
of the currently utilized service in a cost-efficient manner.
A heterogeneous wireless network comprises of different
wireless networks including IEEE 802.15 based Wireless
Personal Area Network (WPAN), IEEE 802.11 basedWireless
Local Area Networks (WLAN), IEEE 802.16 based Wireless
Metropolitan Area Network (WMAN), different types of
cellular technologies such as Global System of Mobile Com-
munication (GSM) and Universal Mobile Telecommunica-
tion System (UMTS), Vehicular Ad hoc Network (VANET),
and satellite networks. To provide seamless mobility and
convergence, integration of these diverse wireless networks is

required. Amultimodal Mobile Station (MS), in the presence
of these integrated networks with overlapping coverage, can
connect to any of these wireless access technologies. An MS,
in a heterogeneous wireless network, switches its current
Point of Attachment (PoA) to a new wireless network using
a process called Vertical Handoff (VHO). These VHOs are
required tomaintain the continuity and quality of the current
session while theMSmoves between different wireless access
technologies. Traditional handoff schemes are based on a
single metric such as Received Signal Strength (RSS) and
do not take into account factors such as the Quality of
Service (QoS), end-user preferences, MS mobility and its
location, and application contexts. In addition, the MS in
a heterogeneous wireless environment has the capability to
establish and maintain connectivity with many overlay net-
works that offer varying QoSs. Hence, estimating the neces-
sity of a vertical handoff and choosing the right initiation
time reduce the unnecessary handoffs, improves the overall
QoS, and limits the inherent data signaling and rerouting
in a VHO process, resulting in a maximized end-user’s
satisfaction.



2 Advances in Fuzzy Systems

Handoff initiation techniques are studied in [3–10]. The
scheme in [3] utilizes fuzzy logic with Multiple Objective
Decision Making (MODM) approach to select the best
network segment. The associated weights of the network
parameters are obtained using theAnalyticHierarchy Process
(AHP). This scheme does not take advantage of a full Fuzzy
Inference System (FIS) and only utilizes the fuzzifier to
calculate the membership values of the network parame-
ters. Furthermore, only perceived QoS, without using the
QoS-related parameters, is considered. The authors in [4]
implement handoff initiation scheme by combining multiple
parameters of all available networks in a cost function. All the
available networks including the current PoA are then ranked
using the AHP algorithm.However, the selection of the target
network is done using an FIS that only utilizes two input
parameters such as velocity and available bandwidth.The lack
of other important parameters might not produce optimal
results. Furthermore, not all the QoS parameters are taken
into consideration while calculating the handoff initiations.
A QoS-aware fuzzy logic based multicriteria algorithm is
proposed in [5]. AHP is utilized to calculate the priority
weights of network parameters. OnlyQoS-related parameters
are considered to create four fuzzy logic controllers (FLCs) for
four different traffic types. The major issue with this scheme
is that it relies on bulky rule sets (81 rules), which makes
it inefficient. Furthermore, the absence of RSS, MS speed,
and other important parameters may result in nonoptimal
handoff decisions. The authors in [6] utilize fuzzy logic
with RSS and QoS to estimate the necessity of handoff.
However, it is not shown how QoS is calculated and if all
the necessary parameters are utilized to calculate it based on
the requirements of different traffic classes. Furthermore, the
MS’s speed and its direction of movement are not considered;
these factors play an important role in estimating the need of
handoffs.TheArtificial Intelligence (AI) scheme in [7], which
is based on a hybrid of parallel fuzzy logic system, multiple-
criteria decision making, and Genetic Algorithm (GA), is
developed to provide adaptive, flexible, and scalable solution
to the VHO decision problem. The decision phase uses three
parallel fuzzy logic subsystems. The normalized outputs of
these subsystems along with their importance weights, opti-
mized using GAs, are fed into amulticriteria decisionmaking
system. This system is based on an enhanced version of
Simple Multiattribute Rate Technique (SMART). The results
show an increase percentage of satisfied users. However, the
proposed scheme is limited to only four different criteria and
does not take into consideration other important decision
factor like loading conditions of the network. Furthermore,
single-objective GAs are used to optimize each objective
weight independently rather than utilizing a multiobjective
utilization method to find optimal weights jointly, which
could have resulted in an improved performance. A fuzzy
multicriteria VHO algorithm with its parameters enhanced
by the use of an inverted 2-layerMultilayer Perceptron (MLP)
is proposed in [8]. In the proposed approach, a preliminary
selection of candidate networks is performed using RSS to
reduce the complexity of FLC. The FLC takes five inputs
including RSS and loading conditions of the current and the
target systems, and the velocity of MS. A total of 24 fuzzy

handoff rules including general rules, UMTS specific rules,
and the WLAN specific rules are created. In the proposed
approach a 2-layer MLP, with FLC parameters as inputs and
the desired UMTS and WLAN throughput as outputs, is
trained and then inverted using a nonlinear system. This
approach is compared against an algorithm that is based
on fixed coverage and load thresholds. However, wireless
networks are highly dynamic in nature resulting in varying
load conditions and coverage. The authors in [9] utilize AHP
for both weight elicitation and network selection processes.
RSS is the only criterion that is used to trigger the handoff.
This work is extended in [10] where authors implemented
AHP based weight elicitation process along with Techniques
for Order Preference by Similarity to Ideal Solution (TOPSIS)
to rank the available networks. However, not all the QoS
parameters are utilized to make selection decisions.

In this paper, we propose a module to estimate the
necessity of vertical handoffs in a hybrid wireless environ-
ment. The proposed scheme utilizes fuzzy logic and AHP
to determine if a VHO is required based on the measured
values of the network parameters obtained from the serving
PoA and other available wireless networks. A VHO factor
is calculated using multiple parameters, including predicted
value of RSS, the degree of provided QoS, the speed of
the MS including its moving direction (towards/away from
the serving PoA), and the distance between the MS and
the serving PoA. To determine the need for handoff, this
calculated VHO factor is then compared against a threshold
value that is predetermined based on the type (WLAN,
WMAN, or WWAN) of the serving PoA. Grey Prediction
Theory (GPT) is utilized to predict the future values of RSS
that can minimize the call dropping probability of the MS
due to a sudden drop in RSS, which is common in lognormal
fading heterogeneous wireless networks. The degree of QoS
is calculated based on the requirements of currently utilized
traffic class type (conversational, interactive, background,
or streaming) using all the necessary parameters such as
throughput, jitter, delay, and Packet Loss Rate (PLR). To
satisfy these requirements, our scheme calculates and assigns
proper weights for a respective traffic class, using different
techniques such as AHP, a fuzzy version of AHP (FAHP),
and a fuzzy scheme based on the usage of linguistic variables
and Triangular Fuzzy Numbers (TFNs). Several parallel FLCs
with reduced rule sets are implemented to normalize the
network parameters (measured from in-range wireless access
technologies) aswell as to calculate the vertical handoff factor.
The proposed handoff necessity estimation scheme is the first
module of an overall handoff decision algorithm. In case
the handoff is deemed necessary, the second module in the
handoff algorithm performs the selection of a target PoA; the
selection is based on ranking algorithms that are designed to
prioritize the potential target networks for VHO.Three Mul-
tiattribute Decision Making (MADM) based methods were
utilized for developing the second module, being TOPSIS
with AHP weighting, TOPSIS with FAHP weighting, and
Fuzzy TOPSIS (FTOPSIS) with linguistic variables [11]. Our
scheme is evaluated by providing numerical examples and
by using a comprehensive simulation test bed that simulates
a practical heterogeneous wireless environment with three
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Figure 1: VHONE block diagram.

coexisting networks such as WLAN, WMAN, and WWAN.
Different Radio Resource Management (RRM) subsystems
including channel allocation, call admission, mobility, propa-
gation, and traffic are implemented to compare our proposed
scheme against a reference algorithm, that is, RSS-based
algorithm with load balancing. Performance metrics such
as average outage probability and handoff rate are used to
evaluate our scheme.

The remainder of this paper is organized as follows.
In Section 2, the proposed scheme is discussed. Section 3
outlines the simulation environment. In Section 4, simulation
results are provided using different performance metrics.
Finally, in Section 5, concluding remarks are presented.

2. Proposed Scheme

A wireless environment is characterized by its dynamic
nature, inherent uncertainty, and imprecise parameters and
constraints. Network parameters like throughput, RSS, net-
work delays, and so forth are intrinsically imprecise. Due to
this vagueness, the accurate measurement of these network
parameters in a wireless environment is a difficult task.
As a result, a fuzzy logic approach seems to yield better
results when used for system design in such environments.
Although, Fuzzy Logic might be slower for vertical handoff
algorithms and classical crisp value based techniques can be
used to reduce handoff latency, these classical techniques are
unable to produce intelligent and efficient handoff decisions.
Hence, our scheme incorporates fuzzy logic based techniques
to perform handoff necessity estimation and target selection.

The block diagram of the proposed VHONE module is
depicted in Figure 1. The proposed module is capable of
performing handoffs in case of a degraded QoS and weak
RSS, and if certain other conditions, such as unavailability
of a channel, become true. In the following, details of each
component providing support to the VHONE module are
provided.

2.1. SystemParameters. Theproposed scheme utilizes param-
eters such as RSS, MS speed and the direction (towards/away
from current PoA) in which it is moving, distance between
the current PoA and the MS, and the QoS of the serving
network. These parameters are monitored and evaluated
by VHONE module to determine if VHO is imminent.
Although, scheme like [4] considers theMSbattery status, the

Table 1: Operating ranges of network parameters.

WLAN WMAN WWAN
RSS (dBm) (−110)–(−55) (−160)–(−100) (−150)–(−90)
Delay (ms) 100–150 10–50 10–75
Jitter (ms) 10–30 3–12 5–15
PLR per 106 bytes (%) 3–7 1–8 1–5
Throughput (Mbps) 50–150 20–100 0.1–3
Network range (m) 0–100 0–350 0–750
Velocity (mps) 0–10

proposed scheme ignores it as the end-user can control this
parameter by connecting a battery charger while travelling.
It is assumed that these parameters are available to the MS
through some mechanism; for example, Global Positioning
System (GPS) module installed in most modernMSs is capa-
ble of estimating the MS speed and direction. For simplicity,
we also assume that the MS is capable of connecting to
different types of wireless networks such as WLAN,WMAN,
and WWAN, but at a given instant of time it is connected to
only one specific type. The operating ranges of the network
parameters that are considered by our scheme are shown in
Table 1.

2.2. Weight Calculations for System Parameters. In order
to specify the needs and preferences of end-user and to
differentiate between the different traffic classes, priority
weights are calculated and assigned for each of these network
parameters. Since the goal of VHONE is to maximize end
user’s satisfaction in terms of quality and continuity of the
received service, higher weights are assigned to RSS andQoS-
related parameters. Furthermore, since traffic types such as
conversational, streaming, interactive, and background have
varying QoS requirements [12], weights for different QoS-
related parameters including throughput, jitter, delay, and
PLR are also calculated and assigned. Note that these weights
can be assigned manually or calculated following certain
weight elicitation techniques. For more details, readers may
refer to [13].

2.3. RSS Prediction Using Grey Prediction Theory. In a log-
normal fading wireless environment, higher rate of handoffs
as well as unnecessary handoffs may affect the quality of the
provided service, resulting in reduced end-users’ satisfaction.
Although, RSS with threshold and hysteresis approaches [14]
can minimize the number of unnecessary handoffs, these
schemes result in a low data rate and high call dropping
probabilities since, at the time of handoffs, the RSS reception
from the current PoA may become too weak. In [15] a
scheme based on GPT [16] is proposed to perform horizontal
handoffs; we use GPT to determine if a future vertical
handoff is required based on the predicted value of RSS
measured from the current PoA. Table 2 shows Predicted RSS
(PRSS) values using GPT for three network types. While a
continuous drop pattern for RSS can be observed for both
WLAN and WMAN networks, predicted value of a weaker
RSS, calculated using GPT, can help reduce the unnecessary
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Table 2: PRSS using GPT.

Network type RSSs samples
(dBm)

PRSS
(dBm)

WLAN
[

−110 −110 −112 −113

]
−114.69

WMAN
[

−140 −150 −151 −155

]
−157.08

WWAN
[

−110 −111 −100 −95

]
−86.84

VHO 
factor

MS
velocity

Velocity
FIS

(FLC-1)

System
handoff

FIS
(FLC-4)

MS-BS
distance

PRSS
degree

QoS
degree

Distance
FIS

(FLC-2)

RSS-QoS
FIS

(FLC-3)

Figure 2: VHO factor calculations.

call drops. Readers may refer to [13] for mathematical details
regarding GPT based RSS prediction.

2.4. Normalization of Network Parameters. The operating
parameters measured from different types of wireless net-
works in a heterogeneous environment are generally dissim-
ilar and are not directly comparable. For example, the RSS
ranges of WLAN and WMAN are quite different. Therefore,
a high value of RSSmeasured from aWLANmay not be con-
sidered high in a WMAN environment. This research work
proposes the use of parallel FLCs (Figure 2) to normalize all
parameters by calculating their respectivemembership values
in the range of (0, 1). Fuzzy sets for each parameter, with their
respectiveUniverse of Discourses (UoDs) based on published
standards [17, 18], are created.

Different linguistic variables such as Low, Medium, and
High are used to partition these UoDs. Due to their computa-
tional simplicity, trapezoidal membership functions are used
to represent these fuzzy sets according to
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where 𝑙 and 𝑢 are the lower and upper bounds, respectively.
𝑐 is the center and 𝑤 is the width of the top side of the
symmetric trapezoid. Since the network parameters can be
classified as benefit type or cost type, their normalization is
performed using specific fuzzy inference rules that maximize
the membership values of benefit types and minimize the

Table 3: Rule set for WMAN-RSS.

Rule
number Rule description

1 If WMAN-RSS is Low thenWMAN-Select is Low

2 If WMAN-RSS isMedium thenWMAN-Select is
Medium

3 If WMAN-RSS isHigh thenWMAN-Select isHigh

Table 4: Rule set for WMAN-lantecy.

Rule
number Rule description

1 If WMAN-Latency is Low thenWMAN-Reject is Low

2 If WMAN-Latency isMedium thenWMAN-Latency is
Medium

3 If WMAN-Latency isHigh thenWMAN-Latency is
High

values of cost type parameters, respectively. For benefit type
parameter such as RSS, FLC produces a probability for MS
selecting the network based on measured RSS. Similarly, for
cost type parameters such as latency, the respective FLC
estimates a probability for MS rejecting the network based on
the latency value measured from that network. Tables 3 and
4, respectively, show the rule sets for FISs that are developed
for RSS (a benefit type parameter) and Latency (a cost type),
both measured from WMAN. Figure 3 shows the Fuzzy set
representing RSS for WMAN, whereas Figure 4 depicts the
FLC for RSS in a WAMN environment, which is used for
normalizing the values of RSS. Based on the rules in FIS, the
FLC produces a singleton value in the range of (0.0, 1.0) that
acts as a normalized value for that parameter. In a similar
fashion, the values of other parameters are normalized aswell.

2.5. Calculation of Degree of QoS for Current PoA. RSS and
QoS are two important factors that play a critical role in
determining the end-user’s satisfaction. Hence, based on
the current service type, the proposed scheme monitors the
QoS-related parameters provided by the serving PoA and
calculates the degree of QoS in the range of (0, 1) according
to

QoSdegree = [𝜇
Delay
𝜇

Jitter
𝜇

PLR
𝜇

Throughput
]

× [𝑊

𝐷

TC 𝑊
𝐽

TC 𝑊
𝑃

TC 𝑊
𝑇

TC]
𝑇

,

(2)

where 𝑊𝑋TC is the weight of the QoS parameter 𝑋 (delay,
jitter, PLR, and throughput) for a particular traffic class
TC (conversational, streaming, background, or interactive).
Equation (2) calculates a weighted sumofmembership values
of QoS parameters (delay, jitter, PLR, and throughput). Any
variations in these parameters affect the overall degree of
QoS. Furthermore, since QoS requirements are different for
various types of traffic classes, different weights with respect
to these traffic types need to be calculated and assigned,
specifically for QoS-related parameters. These weights are
calculated using different MADM algorithms utilizing



Advances in Fuzzy Systems 5

0

0.2

0.4

0.6

0.8

1

D
eg

re
e o

f m
em

be
rs

hi
p

Low

−160 −150 −140 −130 −120 −110
WMAN-RSS

Medium High

Figure 3: Fuzzy set representing RSS (WMAN).

WMAN-RSS (3) WMAN-Select (3)

WMAN-RSS
(Sugeno)

3 rules
𝑓(𝑢)
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the different characteristics and QoS demands for the
four types of traffic classes as defined by 3GPP TS-23.107
specification [12].

2.6. VHO Factor Calculation Using Fuzzy Logic. Based on
the current conditions of serving PoA, four different FLCs
are utilized to calculate the value of VHO factor that in turn
determines the necessity of handoffs. In order to reduce the
number of rules and system complexity, three fuzzy logic
controllers are combined in a parallel fashion. The outputs
of these three FLCs are then fed into the fourth fuzzy logic
controller that produces the final VHO factor. With carefully
designed rules, both Sugeno [19] andMamdani [20] type FISs
are incorporated. This is shown in Figure 2. In the following
paragraphs, the details of these four fuzzy logic controllers
are provided. Velocity is considered an important factor
in the proposed scheme. To reduce the outage probability
and the unnecessary handoffs, MSs with higher speeds are
connected to networks with larger coverage areas such as
WWAN. A Sugeno based FLC with one input (MS-Velocity)
and three output variables are utilized. The input variable
has three membership functions (Low, Medium, and High)
and each of the three output variables has three singleton
membership functions (Low,Medium, andHigh).The output
variables reflect a probability of rejection for an MS to be
in a specific network type at a given input speed. Table 5

Table 5: Inference rule for FLC-1.

Rule
number Rule description

1 If MS Velocity is Low thenWLAN-Reject is Low,
WMAN-Reject is Medium, and WWAN-Reject is High

2 If MS Velocity isMedium thenWLAN-Reject isHigh,
WMAN-Reject is Low, and WWAN-Reject is Medium

3 If MS-Velocity isHigh thenWLAN-Reject isHigh,
WMAN-Reject is Medium, and WWAN-Reject is Low

shows the inference rules for FLC-1. Distance between the
MS and the current PoA (BS/AP) also plays a critical role
in determining handoffs. As the distance between the MS
and the current PoA increases, the measured values of RSS
and other critical factors decrease. Thus, handoff becomes
imminent. The FLC-2 in the proposed scheme is designed
based on the coverage provided by a specific network type.
Since the coverage areas of the three types of networks are
different and the assumption that at the most MS will be
connected to one PoA, separate membership functions with
different UoDs are designed based on these network types. A
Sugeno based FLC with one input (distance between MS and
AP) and one output (probability of rejection for a network
type) is created for each network type.

Since the main objective of the proposed scheme is to
maximize the end-user’s satisfaction in terms of the quality
and continuity of the currently utilized service, RSS and
QoS play a very important role to achieve this objective.
If any of these two parameters fall below a minimum, the
overall quality of the current application session diminishes
resulting in reduced end-user’s satisfaction. The FLC-3 is
designed to make sure that the MS performs handoff before
any of these two factors fall below the minimum network
values required to sustain the quality of the currently utilized
service. Since the QoS measurements vary from one network
type to another, separate FLCs are designed for each of the
three network types. A Mamdani based FLC with two inputs
(Network PRSS degree and Network QoS degree) and one
output is utilized. As an example, the inference rules of FLC-
3 for WLAN are shown in Table 6. These rules indicate
that a low value of both inputs results in a high value for
the output variable, PRSS-QoS Factor, indicating a higher
probability of handoff. Similar FLCs are designed forWMAN
andWWAN.The only difference between these three FLCs is
the incorporation of different UoDs with different ranges for
each network types due to the varying QoS values.

The FLC-4 is the main controller that determines the
necessity of VHOs based on the existing conditions of serving
PoA. These conditions are evaluated using parallel FLCs to
generate three different factors. These factors serve as inputs
to Mamdani based FLC-4, which in turn outputs the VHO
factor for the current PoA. Note that the PoA can be WLAN,
WMAN, or WWAN. A reduced number of rules (19 instead
of 27) are implemented due to the fact that the proposed
scheme gives more importance to the RSS-QoS Factor as it
plays a critical role in determining the quality of the currently
utilized service and maximizing the end-user’s satisfaction.
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Table 6: Inference rules for FLC-3.

Rule number Rule description

1 If PRSS-deg isHigh and QoS-deg is Low then
P-Q-Factor isHigh

2 If PRSS-deg isHigh and QoS-deg isMedium
then P-Q-Factor isMedium

3 If PRSS-deg isHigh and QoS-deg isHigh then
P-Q-Factor is Low

4 If PRSS-deg isMedium and QoS-deg is Low
then P-Q-Factor isHigh

5 If PRSS-deg isMedium and QoS-deg is
Medium then P-Q-Factor isMedium

6 If PRSS-deg isMedium and QoS-deg isHigh
then P-Q-Factor isMedium

7 If PRSS-deg is Low and QoS-deg is Low then
P-Q-Factor isHigh

8 If PRSS-deg is Low and QoS-deg isMedium
then P-Q-Factor isHigh

9 If PRSS-deg is Low and QoS-deg isHigh then
P-Q-Factor isHigh

The details for eachmembership functions of each parameter
are omitted due to space limitation. However, readers may
refer to [13] for more information.

2.7. Handoff Necessity Estimation. The final handoff factor
that is obtained as the output fromFLC-4 is compared against
a predetermined threshold value to determine if a handoff
from the serving PoA is required.This threshold value, in the
range of (0.0, 1.0), is calculated and optimized after perform-
ing numerous simulation rounds and observing the VHO
factor that is calculated by the VHONE module. Note that a
higher value of this thresholdwill prevent necessary handoffs,
resulting in high probability of call drops. On the other
hand, a low value will result in frequent and costly handoffs,
resulting in unnecessary wastage of system resources. Thus a
balanced value for this threshold is required. This balanced
value is achieved by performing numerous simulations and
observing the need of handoffs based on different input
conditions. Due to the technology difference, this value can
be chosen differently for different types of networks, can be
varied for different simulation setups and numerical values
of the parameters, and can be adjusted according to the
sensitivity of the network types. However, for the sake of
simplicity, the proposed scheme utilizes a value of 0.75 for all
three network types.

3. Simulation Environment

The VHONE is implemented using MATLAB and evaluated
using a comprehensive test bed developed based on the
concept of RUNE [21]. RUNE is a special purpose simulator
to simulate wireless networks. Several RRMmodules includ-
ing mobility, propagation, and traffic are created employing
a cellular concept for three coexisting networks, that is,
WLANs, WMANs, and WWANs.

The WLAN is defined with 27 cells with a radius of 100
meters each. The WMAN and WWAN are defined with 12
cells, each with a radius of 375 and 750 meters, respectively.
For all three network types, the standard hexagonal shape
with omnidirectional antennas is considered for each cell
within a network. A cluster of 3 cells is formed and the total
frequency range for each network is divided among these 3
cells. These divided frequencies are repeated at each cluster.
This arrangement is kept the same for all three network types.
The total number of available channels per cell is kept as 8,
12, and 16 for WLAN, WMAN, and WWAN, respectively.
Channels of different networks are assumed to be orthogonal.
We consider path loss, shadow fading, and Rayleigh fading in
the propagation model.

For the performance evaluation, we consider a multiuser
scenario where several MSs join the system based on a Pois-
son arrival rate and the connection duration ismodeled based
on an exponential distribution. A mobility model similar to
[21] is considered where new MSs are distributed uniformly
in the environment and the newdirection and velocity of each
MS is updated randomly based on a specific correlation with
the previous values. Simulations are done utilizing complete
VHO algorithm with two modules: VHONE as the first
module and a secondmodule for ranking the target networks
based on TOPSIS-AHP, TOPSIS-FAHP, and FTOPSIS algo-
rithms. Two metrics are considered to evaluate the proposed
scheme, that is, average system outage probability and the
handoff rate. We compare the performance of our proposed
scheme with an existing VHO algorithm that combines
the RSS threshold comparison and network load balancing.
Evaluations are done based on different number of arrived
calls per cell and multiple MSs moving randomly at the
speeds of 1m/s, 5m/s, and 9m/s. Conversational traffic class
is utilized for obtaining the results.

4. Performance Evaluation

Table 7 depicts parameter value sets for two chosen scenarios.
Please note that besides typical parameter values, the fuzzy
variables like Low, Medium, High, Near, and Far are also
introduced in this table to provide a better understanding for
the readers. Set-1 shows the different settings and parameter
values utilized assuming that the end-user is currently watch-
ing a recorded webcast (streaming) using his/her home’s
WLAN. The GPT predicted higher value of RSS combined
with the stationary (0m/s) MS, located at a short distance
from WLAN based Access Point (AP), results in a low value
of 0.25. This value indicates an overall handoff factor that the
VHONE module calculated based on values for parameter
set-1. Since this value is less than the handoff threshold,
currently set at 0.75 for WLAN, the MS does not perform
the handoff and remains connected to its current PoA
(WLAN).

The second scenario is based on the assumption that the
end-user leaves home for work and starts walking towards
the nearest bus stand while watching the same webcast. The
parameter values in set-2 (depicted in Table 7) are utilized
for this scenario. As the user walks away from his/her home,
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Table 7: Parameter sets for VHONE.

Parameters Values
(Set-1)

Values
(Set-2)

Current PoA WLAN WLAN
Current traffic class Streaming Streaming
Metric weighting algorithm scheme AHP AHP
MS velocity (m/s) 0 (Low) 1 (Low)
MS-PoA distance (m) 10 (Near) 85 (Far)

RSS samples (dBm) −58.5, −55.3,
−57.6, −59.8

−90.5, −92.7,
−97.3, −98.9

PRSS using GPT (dbm) −62.21
(High)

−102.63
(unreachable)

Delay (ms) 100 (Low) 120 (High)
Jitter (ms) 10 (Low) 20 (High)
PLR (loss per 106 bytes) 3 (Low) 4 (Medium)
Throughput (Mbps) 130 (High) 30 (Low)

the distance between the WLAN-AP and MS increases and
the RSS started to become weaker. Note that, based on the
RSS samples, the GPT predicted an RSS value that cannot be
sensed by the MS that is moving away from the WLAN-AP.
Based on parameter set-2, the VHONE module calculates a
VHO factor of 0.85 that is higher than the threshold. Hence,
the module triggers the handoff in order to guarantee the
continuity and the quality of the currently utilized service.

The following two metrics are considered to evaluate
the proposed scheme. The average outage probability is a
statistical measure that defines the probability of an MS
failing to receive a signal with adequate quality at a par-
ticular location. This outage occurs when the SINR of an
MS falls below a prescribed threshold. The necessity of
handoff and the decision to select the best network as the
target of handoff is related to this metric. A lower value
of this metric indicates a high number of MSs that have
received adequate signal strength, which in turn translate into
intelligent and efficient network selection decisions made by
the proposed scheme. The average handoff rate is defined as
the number of handoffs that the MS has performed during
a call connection. The metric is critically important as it
affects the quality of the ongoing service. A lower value of
this metric is desirable to maximize end-user satisfaction
in terms of guaranteed continuity and quality of service.
It is important to mention that the average handoff rate is
directly proportional to the MS battery consumption. The
higher the handoff rate, the more quickly the MS battery
drains.

Figures 5, 6, and 7 show the average system outage
probabilities offered by three different algorithms for call
arrivals per cell (1–10) based on conversational traffic type. It
can be observed that VHONE scheme utilizing TOPSIS-AHP,
TOPSIS-FAHP, and FTOPSIS provides significant perfor-
mance improvement over existing RSS with load-balancing-
based scheme. For MSs moving with any speed, FTOPIS
outperforms the other algorithms in terms of average out-
age probability; for example, with maximum number of
calls per cell (10), an MS moving at a speed of 9m/s
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Figure 5: Outage probability using TOSPSIS-AHP.
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Figure 6: Outage probability using TOPSIS-FAHP.

shows improvement of 17% over the RSS-based scheme.
Figures 8, 9, and 10 depict the average handoff rate for the
same algorithms utilized by VHONE. Once again, VHONE
utilizing FTOPSIS performs better than the other algorithms
with a significant reduction of handoff rate to 31% as com-
pared to RSS-based scheme that shows a very high handoff
rate of 71%. The aforementioned handoff rates are calculated
for an average call arrival rate of 10 per cell and with MSs’
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Figure 7: Outage probability using FTOPSIS.
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Figure 8: Handoff rate using TOPSIS-AHP.

speed of 9m/s. These improvements over the existing RSS-
based algorithm show that the proposed VHONE module is
performing handoff necessity estimation in amore intelligent
and efficient manner. This in turn reduces the ping-pong
effect and conserves the limited battery life of the MS.
Table 8 summarizes the percentages of outage probabilities
and handoff rates for the conversational traffic class based on
a maximum call arrival rate of 10 and for three different MS’s
speeds (1, 5, and 9m/s).
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Figure 9: Handoff rate using TOPSIS-FAHP.
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Figure 10: Handoff rate using FTOPSIS.

5. Conclusion

A Vertical Handoff Necessity Estimation (VHONE) scheme
was proposed to determine the proper time for a future
handoff in order to preserve the continuity and the quality
of the current session. Several parallel fuzzy logic controllers
were utilized with multiple parameters measured from the
current Point of Attachment (PoA) to calculate the necessity
of vertical handoffs. This includes the predicted value of RSS
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Table 8: VHONE for conversational class.

Average outage
probability (%)

Average handoff
rate (%)

Speed (m/s) 1 5 9 1 5 9
Call arrival Max (10) Max (10)
RSS 25 41 52 39 60 71
TOPSIS-AHP 17 32 41 16 33 43
TOPSIS-FAHP 16 31 40 16 30 39
FTOPSIS 14 28 35 11 22 31

provide by the current PoA computed using Grey Prediction
Theory (GPT), the degree of the provided QoS based on
the current type of traffic class (conversational, streaming,
interactive, or background), and the directional speed of the
MSs. It was observed that our proposed scheme provided
better results when compared against RSS load-balancing-
based algorithm. For instance, using our FTOPSIS-based
VHO algorithm, the overall system outage probability was
improved by approximately 17% and handoff rate by 40%, for
MSs moving with a speed of 9m/s and at maximum system
loading (10 calls per cell).
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This paper discusses the multicrack detection of structure using fuzzy Gaussian technique. The vibration parameters derived from
the numerical methods of the cracked cantilever beam are used to set several fuzzy rules for designing the fuzzy controller used to
predict the crack location and depth. Relative crack locations and relative crack depths are the output parameters from the fuzzy
inference system.Themethod proposed in the current analysis is used to evaluate the dynamic response of cracked cantilever beam.
The results of the proposed method are in good agreement with the results obtained from the developed experimental setup.

1. Introduction

Beams are one of the most commonly used structural
elements in numerous engineering applications and expe-
rience a wide variety of static and dynamic loads. Cracks
may develop in beam-like structures due to such loads.
Considering the crack as a significant form of such damage,
its modeling is an important step in studying the behavior
of damaged structures. As stated, beam type structures are
being commonly used in steel construction and machinery
industries. Studies based on structural health monitoring for
crack detection deal with change in natural frequencies and
mode shapes of the beam.

An analytical study has been performed by Yang et al. [1]
on the free and forced vibration of inhomogeneous Euler-
Bernoulli beams containing open edge cracks. Analytical
solutions are obtained for cantilever, with different end
conditions to evaluate the dynamic response of the beam due
to the edge crack. Orhan [2] has performed a free and forced
vibration analysis of a cracked beam in order to identify the
cracks in a cantilever beam. Their study reveals that free
vibration analysis provides more suitable information for the
detection of cracks than the forced vibration analysis. Dam-
age in a cracked structure has been analyzed using genetic

algorithm technique by Vakil-Baghmisheh et al. [3]. For
modeling the cracked-beam structure, an analytical model
of a cracked cantilever beam has been utilized, and natural
frequencies are obtained through numerical methods. A
genetic algorithm is utilized to monitor the possible changes
in the natural frequencies of the structure. Theoretical and
experimental dynamic behaviors of different multibeams
systems containing a transverse crack have been performed
by Saavedra and Cuitio [4]. A new cracked stiffness matrix
is deduced based on flexibility, and this can be used sub-
sequently in the FEM analysis of crack systems. Bakhary et
al. [5] used Artificial Neural Network (ANN) for damage
detection. In his analysis, an ANNmodel is created by apply-
ing Rosenblueth’s point estimate method verified by Monte
Carlo simulation. The results have demonstrated that the
statistical ANN approach gives more reliable identification
of structural damage. Friswell et al. [6] have applied genetic
algorithm to the problemof damage detection using vibration
data. The objective is to identify the position of one or more
damage sites in a structure and to estimate the extent of
the damage. A comprehensive analysis of the stability of
a cracked beam subjected to a follower compressive load
is presented by Wang [7]. The vibration analysis on such
cracked beam has been conducted to identify the critical
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Figure 1: Geometry of beam. (a) Cantilever beam. (b) Cross-sectional view of the beam.
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compression load for instability based on the variation of the
first two resonant frequencies of the beam. Chondros et al. [8]
have developed a continuous cracked beam vibration theory
for the lateral vibration of cracked Euler-Bernoulli beams
with single-edge or double-edge open cracks using the Hu-
Washizu-Barr variational formulation.

A new method for natural frequency analysis of beam
with an arbitrary number of cracks has been developed by
KhiemandLien [9] on the basis of the transfermatrixmethod
and rotational spring model of crack. Cam et al. [10] have
performed a study to obtain information about the location
and depth of the cracks in cracked beam. Experimental and
simulations results obtained are in good agreement. Zheng
andKessissoglou [11] have presented amethod based on finite
element method for detection of crack in faulty structural

member.The results obtained from the proposed method are
validated using experimental analysis. Tada et al. [12] have
provided the basis for computation of compliance matrix
for damage detection following fracture mechanics theory.
Sekhar and Prabhu [13] have derived a method for crack
detection in a cracked shaft using finite element analysis
using correct expression for strain energy release rate func-
tion. Hossain et al. [14] have presented an investigation for
comparative performance of intelligent system-like genetic
algorithms (GAs) and adaptive neurofuzzy inference system
(ANFIS) algorithms for identification of fault in an active
vibration control (AVC) system. A comparative performance
of the proposed method is presented and discussed through
a set of experiments. Ranjbaran et al. [15] in their paper
have formulated a method for vibration analysis of a beam
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assuming the beam to be nonuniform. The vibration char-
acteristics of the beam are computed and the results are
compared with other methods. Zhou and Biegalski [16] have
proposed a method to analyze the vibration signatures of a
deck truss bridge with cracks at the gusset plate connecting
the lower lateral bracing. In-service monitoring has been
performed to measure the vibration properties of the truss
and the lateral bracing members to avoid resonance with the
excitation frequency. Wada et al. [18] have proposed a fuzzy
control method with triangular type membership functions
using an image processing unit to control the level of granules
inside a hopper. They have stated that the image processing
technique can be used as a detecting element, and with the
use of fuzzy reasoning methods, good process responses are
obtained. Pawar et al. [17] have used a genetic fuzzy system
to identify the crack depth location in a composite matrix
cracking model. As described by them, the genetic fuzzy
system combines the uncertainty characteristics of fuzzy
logic with the learning ability of genetic algorithm. Parhi
[19] has designed a mobile robot navigation control system
using fuzzy logic. Fuzzy rules embedded in the controller
of a mobile robot enable it to avoid obstacles in a cluttered
environment that includes other mobile robots.

In the present study, a finite element model for a cracked
beam element is developed, and the results from theoretical
and finite element analyses have been used to set the fuzzy
rules. The fuzzy rules are used for designing the fuzzy
inference system based on Gaussian membership function
which is subsequently applied for prediction of damage in
a faulty structure. The theoretical, finite element and fuzzy
analysis are done to study the response of a cantilever beam in
the presence of cracks. Theoretical results are compared with
the experimental, fuzzy, and FEM results. A close agreement
between the results has been observed.

2. Theoretical Analysis

2.1. Local Flexibility of a Cracked Beam under Bending and
Axial Loading. The presence of a transverse surface crack of
depth “𝑎

1
” and “𝑎

2
” on beam of width “𝐵” and height “𝑊”

introduces a local flexibility, which can be defined in matrix
form, the dimension of which depends on the degrees of
freedom. Here, a 2 × 2 matrix is considered. A cantilever
beam is subjected to axial force (𝑃

1
) and bending moment

(𝑃

2
), shown in Figure 1(a), which gives coupling with the

longitudinal and transverse motion.The cross-sectional view
and the front view of the beam are shown in Figures 1(b) and
3, respectively.

The strain energy release rate at the fractured section can
be written as follows [12]:

𝐽 =

1

𝐸


(𝐾

𝐼1
+ 𝐾

𝐼2
)

2
,

(1)

where
1

𝐸


=

1 − 𝑣

2

𝐸


(for plane strain condition) ,

1

𝐸


=

1

𝐸

(for plane stress condition)
(2)

𝐾

𝐼1
and𝐾

𝐼2
are the stress intensity factors ofmode I (opening

of the crack) for loads 𝑃

1
and 𝑃

2
, respectively. The values of

stress intensity factors from earlier studies [12] are

𝐾

𝐼1
=

𝑃

1

𝐵𝑊

√
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(
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2
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)) ,

(3)

where expressions for 𝐹

1
and 𝐹

2
are as follows:

𝐹

1
(

𝑎

𝑊

) = (

2𝑊

𝜋𝑎

tan(

𝜋𝑎
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))

0.5

×{(0.752+2.02 (
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× {(0.923 + 0.199(1 − sin(

𝜋𝑎

2𝑊

))

4

)

× (cos( 𝜋𝑎

2𝑊

))

−1

} .

(5)

Let 𝑈

𝑡
be the strain energy due to the crack. Then, from

Castigliano’s theorem, the additional displacement along the
force 𝑃

𝑖
is

𝑢

𝑖
=

𝜕𝑈

𝑡

𝜕𝑃

𝑖

. (6)
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The strain energy will have the form

𝑈

𝑡
= ∫

𝑎
1

0

𝜕𝑈

𝑡

𝜕𝑎

𝑑𝑎 = ∫

𝑎
1

0

𝐽𝑑𝑎,
(7)

where 𝐽 = 𝜕𝑈

𝑡
/𝜕𝑎 is the strain energy density function.

From (1) and (4), thus we have

𝑢

𝑖
=

𝜕

𝜕𝑃

𝑖

[∫

𝑎
1

0

𝐽 (𝑎) 𝑑𝑎] . (8)

The flexibility influence coefficient 𝐶
𝑖𝑗
will be, by definition,

𝐶
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=

𝜕𝑢
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=
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and can be written as

𝐶

𝑖𝑗
=

𝐵𝑊

𝐸



𝜕

2

𝜕𝑃

𝑖
𝜕𝑃

𝑗

∫

𝜉
1

0

(𝐾

𝐼1
+ 𝐾

𝐼2
)

2
𝑑𝜉. (10)

From (9), calculating 𝐶

11
, 𝐶

12
(=𝐶

21
), and 𝐶

22
, we get

𝐶

11
=𝐶
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𝐵𝐸



2𝜋

; 𝐶
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(11)

The local stiffness matrix can be obtained by taking the
inversion of compliance matrix. That is,

𝐾 = [

𝐾

11
𝐾

12

𝐾

21
𝐾

22

] = [

𝐶

11
𝐶

12

𝐶

21
𝐶

22

]

−1

.

(12)

Figure 2 shows the variation of dimensionless compliances to
that of relative crack depth.

2.2. Analysis of Vibration Characteristics of the Cracked Beam.
A cantilever beam of length “𝐿”, width “𝐵”, and depth “𝑊”,
with a crack of depth “𝑎

1
” and “𝑎

2
” at a distance “𝐿

1
” and

“𝐿
2
”, respectively, from the fixed end, is considered (shown

in Figure 1). Taking 𝑢

1
(𝑥, 𝑡), 𝑢

2
(𝑥, 𝑡), and 𝑢

3
(𝑥, 𝑡) as the

amplitudes of longitudinal vibration for the sections before,
in-between, and after the crack, 𝑦

1
(𝑥, 𝑡), 𝑦

2
(𝑥, 𝑡), and 𝑦

3
(𝑥, 𝑡)

are the amplitudes of bending vibration for the same sections.

The normal function for the system can be defined as

𝑢

1 (
𝑥) = 𝐴

1
cos (𝐾

𝑢
𝑥) + 𝐴

2
sin (𝐾

𝑢
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𝑢

2 (
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3
cos (𝐾

𝑢
𝑥) + 𝐴

4
sin (𝐾

𝑢
𝑥) ,

𝑢

3 (
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6
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sinh (𝐾
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10
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2
(𝑥) = 𝐴

11
cosh (𝐾
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sinh (𝐾
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(13)

where 𝑥 = 𝑥/𝐿, 𝑢 = 𝑢/𝐿, 𝑦 = 𝑦/𝐿, 𝛽
1

= 𝐿

1
/𝐿, 𝛽
2

= 𝐿

2
/𝐿,

𝐾

𝑢
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𝑢
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𝑦
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=
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1/2, and 𝜇 = 𝐴𝜌, 𝐴

𝑖
, (𝑖 = 1, . . . , 18). Constants are

to be determined from boundary conditions. The boundary
conditions of the cantilever beam in consideration are
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At the cracked section
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Also, at the cracked section 𝐿

1
, we have
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1
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1
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Figure 6: (a) Relative amplitude versus relative distance from the fixed end (1st mode of vibration), 𝑎
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Multiplying both sides of the previous equation by
𝐴𝐸/𝐿𝐾
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𝐾
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, we get
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Similarly,
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Multiplying both sides of the previous equation by
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where
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Table 1: Description of fuzzy linguistic terms.

Membership
functions
name

Linguistic terms Description and range of the linguistic terms

L1F1, L1F2, L1F3, L1F4 fnf1 to 4
Low ranges of relative natural frequency for first mode of vibration in descending order,
respectively.

M1F1, M1F2 fnf5, 6
Medium ranges of relative natural frequency for first mode of vibration in ascending order,
respectively.

H1F1, H1F2, H1F3,
H1F4

fnf7 to 10
Higher ranges of relative natural frequency for first mode of vibration in ascending order,
respectively.

L2F1, L2F2, L2F3,
L2F4

snf1 to 4
Low ranges of relative natural frequency for second mode of vibration in descending order,
respectively.

M2F1, M2F2 snf5, 6
Medium ranges of relative natural frequency for second mode of vibration in ascending
order, respectively.

H2F1, H2F2, H2F3,
H2F4

snf7 to 10
Higher ranges of relative natural frequencies for second mode of vibration in ascending
order, respectively.

L3F1, L3F2, L3F3,
L3F4

tnf1 to 4
Low ranges of relative natural frequencies for third mode of vibration in descending order,
respectively.

M3F1, M3F2 tnf5, 6
Medium ranges of relative natural frequencies for third mode of vibration in ascending
order, respectively.

H3F1, H3F2, H3F3,
H3F4

tnf7 to 10
Higher ranges of relative natural frequencies for third mode of vibration in ascending order,
respectively.

S1M1, S1M2, S1M3,
S1M4

fmd1 to 4 Small ranges of first relative mode shape difference in descending order, respectively.

M1M1, M1M2 fmd5, 6 Medium ranges of first relative mode shape difference in ascending order, respectively.
H1M1, H1M2, H1M3,
H1M4

fmd7 to 10 Higher ranges of first relative mode shape difference in ascending order, respectively.

S2M1, S2M2, S2M3,
S2M4

smd1 to 4 Small ranges of second relative mode shape difference in descending order, respectively.

M2M1, M2M2 smd5, 6 Medium ranges of second relative mode shape difference in ascending order, respectively.
H2M1, H2M2, H2M3,
H2M4

smd7 to 10 Higher ranges of second relative mode shape difference in ascending order, respectively.

S3M1, S3M2, S3M3,
S3M4

tmd1 to 4 Small ranges of third relative mode shape difference in descending order, respectively.

M3M1, M3M2 tmd5, 6 Medium ranges of third relative mode shape difference in ascending order, respectively.
H3M1, H3M2, H3M3,
H3M4

tmd7 to 10 Higher ranges of third relative mode shape difference in ascending order, respectively.

S1L1, S1L2,. . ., S1L22 rcl11 to 22 Small ranges of relative crack location in descending order, respectively.
M1L1, M1L2 rcl123, 24 Medium ranges of relative crack location in ascending order, respectively.
B1L1, B1L2,. . ., B1L22 rcl125 to 46 Bigger ranges of relative crack location in ascending order, respectively.
S1D1, S1D2,. . ., S1D9 rcd11 to 9 Small ranges of relative crack depth in descending order, respectively.
M1D rcd110 Medium relative crack depth.
L1D1, L1D2,. . ., L1D9 rcd111 to 19 Larger ranges of relative crack depth in ascending order, respectively.
S2L1, S2L2,. . ., S2L22 rcl21 to 22 Small ranges of relative crack location in descending order, respectively.
M2L1, M2L2 rcl223, 24 Medium ranges of relative crack location in ascending order, respectively.
B2L1, B2L2,. . ., B2L22 rcl225 to 46 Bigger ranges of relative crack location in ascending order, respectively.
S2D1, S2D2,. . ., S2D9 rcd21 to 9 Small ranges of relative crack depth in descending order, respectively.
M2D rcd210 Medium relative crack depth.
L2D1, L2D2,. . ., L2D9 rcd211 to 19 Larger ranges of relative crack depth in ascending order, respectively.
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Table 2: Examples of twenty fuzzy rules used in fuzzy controller.

Sl. No. Examples of some rules used in the fuzzy controller

1 If fnf is H1F1, snf is M2F2, tnf is M3F1, fmd is H1M2, smd is H2M4, tmd is H3M3, then rcd1 is S1D6, and rcl1 is S1L17,
and rcd2 is S2D4, and rcl2 is S2L6.

2 If fnf is L1F4, snf is L2F4, tnf is L3F4, fmd is H1M1, smd is H2M1, tmd is H3M2, then rcd1 is S1D2, and rcl1 is S1L17, and
rcd2 is S2D1, and rcl2 is M2L2.

3 If fnf is L1F3, snf is L2F4, tnf is L3F4, fmd is M1M2, smd is H2M2, tmd is H3M3, then rcd1 is M1D, and rcl1 is S1L17, and
rcd2 is S2D2, and rcl2 is B2L19.

4 If fnf is H1F2, snf is H2F1, tnf is H3F1, fmd is H1M3, smd is H2M4, tmd is H3M4, then rcd1 is S1D6, and rcl1 is S1L11, and
rcd2 is S2D4, and rcl2 is M2L2.

5 If fnf is M1F1, snf is L2F2, tnf is L3F3, fmd is H1M1, smd is H2M1, tmd is H3M2, then rcd1 is S1D4, and rcl1 is S1L11, and
rcd2 is S2D1, and rcl2 is B2L13.

6 If fnf is L1F1, snf is L2F2, tnf is L3F3, fmd is H1M3, smd is M2M1, tmd is H3M4, then rcd1 is M1D, and rcl1 is S1L11, and
rcd2 is S2D7, and rcl2 is M2L2.

7 If fnf is L1F4, snf is L2F4, tnf is L3F4, fmd is M1M2, smd is H2M1, tmd is H3M1, then rcd1 is L1D1, and rcl1 is S1L11, and
rcd2 is S2D4, and rcl2 is B2L10.

8 If fnf is H1F1, snf is M2F2, tnf is M3F1, fmd is H1M2, smd is H2M2, tmd is H3M2, then rcd1 is S1D6, and rcl1 is S1L6, and
rcd2 is S2D4, and rcl2 is B2L5.

9 If fnf is L1F1, snf is L2F4, tnf is L3F4, fmd is M1M1, smd is M2M1, tmd is M3M2, then rcd1 is S1D2, and rcl1 is S1L6, and
rcd2 is L2D1, and rcl2 is B2L5.

10 If fnf is M1F1, snf is L2F2, tnf is L3F1, fmd is M1M2, smd is M2M2, tmd is H3M1, then rcd1 is S1D1, and rcl1 is S1L6, and
rcd2 is S2D4, and rcl2 is B2L5.

11 If fnf is M1F1, snf is M2F1, tnf is M3F1, fmd is H1M3, smd is H2M3, tmd is H3M4, then rcd1 is S1D6, and rcl1 is S1L18,
and rcd2 is S2D5, and rcl2 is M2L2.

12 If fnf is M1F1, snf is L2F1, tnf is L3F1, fmd is H1M3, smd is H2M2, tmd is H3M3, then rcd1 is S1D4, and rcl1 is S1L17, and
rcd2 is S2D6, and rcl2 is S2L6.

13 If fnf is M1F2, snf is M2F1, tnf is M3F1, fmd is M1M1, smd is H2M1, tmd is H3M2, then rcd1 is S1D4, and rcl1 is S1L11,
and rcd2 is S2D4, and rcl2 is M2L2.

14 If fnf is H1F2, snf is H2F1, tnf is H3F1, fmd is H1M4, smd is H2M1, tmd is H3M1, then rcd1 is S1D7, and rcl1 is S1L17, and
rcd2 is S2D6, and rcl2 is B2L16.

15 If fnf is M1F1, snf is L2F1, tnf is L3F2, fmd is S1M1, smd is S2M2, tmd is H3M1, then rcd1 is S1D2, and rcl1 is S1L11, and
rcd2 is S2D6, and rcl2 is B2L10.

16 If fnf is L1F4, snf is L2F4, tnf is L3F4, fmd is H1M2, smd is S2M1, tmd is H3M2, then rcd1 is L1D1, and rcl1 is S1L17, and
rcd2 is S2D5, and rcl2 is M2L2.

17 If fnf is M1F1, snf is L2F3, tnf is L3F1, fmd is S1M2, smd is M2M1, tmd is S3M1, then rcd1 is S1D6, and rcl1 is S1L12, and
rcd2 is M2D, and rcl2 is M2L1.

18 If fnf is L1F1, snf is L2F1, tnf is L3F1, fmd is H1M2, smd is H2M2, tmd is H3M2, then rcd1 is S1D2, and rcl1 is S1L12, and
rcd2 is S2D4, and rcl2 is B2L13.

19 If fnf is H1F2, snf is H2F1, tnf is H3F1, fmd is S1M2, smd is H2M3, tmd is H3M1, then rcd1 is S1D4, and rcl1 is S1L5, and
rcd2 is S2D6, and rcl2 is B2L6.

20 If fnf is L1F3, snf is L2F4, tnf is L3F4, fmd is S1M3, smd is S2M2, tmd is S3M3, then rcd1 is L1D1, and rcl1 is S1L5, and
rcd2 is S2D2, and rcl2 is B2L5.

Similarly, at the crack section 𝐿
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(21)

The normal functions in (13) along with the boundary condi-
tions as mentioned earlier yield the characteristic equation of
the system as

|𝑄| = 0. (22)

This determinant is a function of natural circular frequency
(𝜔), the relative locations of the crack (𝛽

1
, 𝛽

2
), and the local

stiffness matrix (𝐾) which in turn is a function of the relative
crack depth (𝑎

1
/𝑊, 𝑎

2
/𝑊).
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1
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1

1
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1

L3F4  L3F3   L3F2    L3F1  M3F1  M3F2   H3F1  H3F2   H3F3   H3F4
1

1

0.0545 0.099  0.1435 0.188 0.2325 0.277 0.3215 0.366 0.4105 0.455 0.4995 0.544 0.5885  0.633 0.6775 0.722 0.7665  0.811 0.8555 0.9

1

1

1

 0.912 0.92 0.928 0.936 0.944 0.952 0.96 0.968 0.976 0.984 0.992 1

0.934

0.01
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Figure 7: Continued.
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1
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(b8b)

0

Figure 7: (a) Fuzzy controller. (b1) Membership functions for relative natural frequency for first mode of vibration. (b2) Membership
functions for relative natural frequency for second mode of vibration. (b3) Membership functions for relative natural frequency for third
mode of vibration. (b4) Membership functions for relative mode shape difference for first mode of vibration. (b5) Membership functions for
relative mode shape difference for secondmode of vibration. (b6)Membership functions for relative mode shape difference for third mode of
vibration. (b7a) Membership functions for relative crack depth 1. (b7b) Membership functions for relative crack depth 2. (b8a) Membership
functions for relative crack location 1. (b8b) Membership functions for relative crack location 2.

The results of the theoretical analysis for the first three
mode shapes for uncracked and cracked beams are shown in
Figure 4.

3. Analysis of Cracked Beam Using Finite
Element Method (FEM)

In the following section, FEM is analyzed for vibration anal-
ysis of a cantilever cracked beam (Figure 5). The relationship
between the displacement and the forces can be expressed as

{

𝑢

𝑗
− 𝑢

𝑖

𝜃

𝑗
− 𝜃

𝑖

} = 𝐶ovl {
𝑈

𝑗

0

𝑗

} , (23)

where overall flexibility matrix 𝐶ovl can be expressed as

𝐶ovl = [

𝐶

11
−𝐶

12

−𝐶

21
𝐶

22

] . (24)

The displacement vector in (23) is due to the crack.
The forces acting on the beam element for FEM analysis

are shown in Figure 5.
Under this system, the flexibility matrix 𝐶intact of the

intact beam element can be expressed as

{

𝑢

𝑗
− 𝑢

𝑖

𝜃

𝑗
− 𝜃

𝑖

} = 𝐶intact {
𝑈

𝑗

0

𝑗

} , (25)

where 𝐶intact = [

𝐿𝑒/𝐸𝐴 0

0 𝐿𝑒/𝐸𝐼
].

The displacement vector in (25) is for the intact beam.
The total flexibility matrix 𝐶tot of the cracked beam

element can now be obtained by

𝐶tot = 𝐶intact + 𝐶ovl =

[

[

[

𝐿𝑒

𝐸𝐴

+ 𝐶

11
−𝐶

12

−𝐶

21

𝐿𝑒

𝐸𝐼

+ 𝐶

22

]

]

]

. (26)

Through the equilibrium conditions, the stiffness matrix 𝐾

𝑐

of a cracked beam element can be obtained as follows [13]:

𝐾

𝑐
= 𝐷𝐶

−1

tot𝐷
𝑇
,

(27)

where 𝐷 is the transformation matrix and is expressed as

𝐷 =

[

[

[

[

−1 0

0 −1

1 0

0 1

]

]

]

]

. (28)

The results of the finite element analysis for the first three
mode shapes of the cracked beam are compared with that of
the numerical analysis of the cracked beam and are presented
in Figure 6.

4. Analysis of the Fuzzy Controller

The fuzzy controller developed has got six input parameters
and two output parameters.

The linguistic terms used for the inputs are as follows:

relative first natural frequency = “fnf ”; relative second
natural frequency = “snf ”;
relative third natural frequency = “tnf ”;
average relative first mode shape difference = “fmd”;
average relative second mode shape difference =
“smd”;
average relative third mode shape difference = “tmd”.

The linguistic terms used for the outputs are as follows:

first relative crack location = “rcl1” and first relative
crack depth = “rcd1”;
second relative crack location = “rcl2” and second
relative crack depth = “rcd2”.

The fuzzy controller used in the present text is shown
in Figure 7(a). The Gaussian membership functions are
shown pictorially in Figure 7(b). The linguistic terms for the
Gaussianmembership functions, used in the fuzzy controller,
are described in Table 1.
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Rule no. 6 of Table 2 is activated  
Inputs

Rule no. of Table 2 is activated

Outputs

Relative crack location1 

Relative crack depth1

Relative crack depth2

Relative crack location2

0.37268

0.31284

0.54096

0.12256

Figure 8: Resultant values of relative crack depth and relative crack location when rules 6 and 19 of Table 2 are activated.

4.1. Fuzzy Mechanism for Crack Detection. Based on the
previous fuzzy subsets, the fuzzy control rules are defined in
a general form as follows:

If fnf is fnf
𝑖
and snf is snf

𝑗
and tnf is tnf

𝑘

and fmd is fmd
𝑙
and smd is smd

𝑚
and tmd is tmd

𝑛
,

then rcl1 is rcl1
𝑖𝑗𝑘𝑙𝑚𝑛

and rcd1 is rcd1
𝑖𝑗𝑘𝑙𝑚𝑛

and rcl2 is rcl2
𝑖𝑗𝑘𝑙𝑚𝑛

and rcd2 is rcd2
𝑖𝑗𝑘𝑙𝑚𝑛

,

(29)

where 𝑖 = 1 to 10, 𝑗 = 1 to 10, 𝑘 = 1 to 10, 𝑙 = 1 to 10,
𝑚 = 1 to 10, and 𝑛 = 1 to 10 because “fnf,” “snf,” “tnf,” “fmd,”
“smd,” and “tmd” have ten membership functions each.
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Figure 9: Schematic block diagram of experimental setup.

From expression (29), two sets of rules can be written:

If fnf is fnf
𝑖
and snf is snf

𝑗
and tnf is tnf

𝑘

and fmd is fmd
𝑙
and smd is smd

𝑚
and tmd is tmd

𝑛
,

then rcd1 is rcd1
𝑖𝑗𝑘𝑙𝑚𝑛

and rcd2 is rcd2
𝑖𝑗𝑘𝑙𝑚𝑛

;

If fnf is fnf
𝑖
and snf is snf

𝑗
and tnf is tnf

𝑘

and fmd is fmd
𝑙
and smd is smd

𝑚
and tmd is tmd

𝑛
,

then rcl1 is rcl1
𝑖𝑗𝑘𝑙𝑚𝑛

and rcl2 is rcl2
𝑖𝑗𝑘𝑙𝑚𝑛

.

(30)

According to the usual fuzzy logic control method [19], a
factor 𝑊

𝑖𝑗𝑘𝑙𝑚𝑛
is defined for the rules as follows:

𝑊

𝑖𝑗𝑘𝑙𝑚𝑛
= 𝜇fnf

𝑖

(freq
𝑖
) ∧ 𝜇snf

𝑗

(freq
𝑗
) ∧ 𝜇tnf

𝑘

(freq
𝑘
)

∧ 𝜇fmd
𝑙

(moddif
𝑙
) ∧ 𝜇smd

𝑚

(moddif
𝑚
)

∧ 𝜇tmd
𝑛

(moddif
𝑛
) ,

(31)

where freq
𝑖
, freqj, and freq

𝑘
are the first, second, and third

relative natural frequencies of the cantilever beamwith crack,
respectively; moddif

𝑙
, moddif

𝑚
, and moddif

𝑛
are the average

first, second, and third relative mode shape differences of
the cantilever beam with crack, respectively. By applying
the composition rule of inference [19], the membership

values of the relative crack location and relative crack depth,
(location)rcl𝑣 and (depth)rcd𝑣 (𝑣 = 1, 2), can be computed as

𝜇rcl𝑣
𝑖𝑗𝑘𝑙𝑚𝑛

(location)

= 𝑊

𝑖𝑗𝑘𝑙𝑚𝑛
∧ 𝜇rcl𝑣

𝑖𝑗𝑘𝑙𝑚𝑛
(location) ∀ length ∈ rcl𝑣,

𝜇rcd𝑣
𝑖𝑗𝑘𝑙𝑚𝑛

(depth)

= 𝑊

𝑖𝑗𝑘𝑙𝑚𝑛
∧ 𝜇rcd𝑣

𝑖𝑗𝑘𝑙𝑚𝑛

(depth) ∀ depth ∈ rcd𝑣.
(32)

The overall conclusion by combining the outputs of all the
fuzzy rules can be written as follows:

𝜇rcl𝑣 (location) = 𝜇rcl𝑣
1 1 1 1 1 1

(location)

∨ ⋅ ⋅ ⋅ ∨ 𝜇rcl𝑣
𝑖𝑗klmn

(location)

∨ ⋅ ⋅ ⋅ ∨ 𝜇rcl𝑣
10 10 10 10 10 10

(location) ,

𝜇rcd𝑣 (depth) = 𝜇rcd𝑣
1 1 1 1 1 1

(depth) ∨ ⋅ ⋅ ⋅ ∨ 𝜇rcd𝑣
𝑖𝑗𝑘𝑙𝑚𝑛

(depth)

∨ ⋅ ⋅ ⋅ ∨ 𝜇rcd𝑣
10 10 10 10 10 10

(depth) .

(33)
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Figure 10: (a) Relative amplitude versus relative distance from the fixed end (1st mode of vibration), 𝑎
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The crisp values of relative crack location and relative crack
depth are computed using the centre of gravity method [19]
as

relative crack location

= rcl 1, 2 =

∫ (location) ⋅ 𝜇rcl1,2 (location) ⋅ 𝑑 (location)
∫ 𝜇rcl1,2 (location)⋅𝑑 (location)

,

relative crack depth

= rcd 1, 2 =

∫ (depth) ⋅ 𝜇rcd1,2 (depth) ⋅ 𝑑 (depth)
∫ 𝜇rcd1,2 (depth) ⋅ 𝑑 (depth)

.

(34)

4.2. Fuzzy Controller for Finding out Crack Depth and Crack
Location. The inputs to the fuzzy controller are relative first
natural frequency, relative second natural frequency, relative
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third natural frequency, average relative first mode shape
difference, average relative second mode shape difference,
and average relative thirdmode shape difference.The outputs
from the fuzzy controller are relative crack depth and relative
crack location. Twenty numbers of the fuzzy rules out of
several hundreds of fuzzy rules are being listed in Table 2.The
fuzzy controller results when rule 6 and rule 19 are activated
from Table 2 are shown in Figure 8.

5. Experimental Setup

Experiments are performed to determine the natural fre-
quencies and mode shapes for different crack depths on Alu-
minum beam specimen (800×38×6mm). The experimental
setup is shown in Figure 9. The amplitude of transverse
vibration at different locations along the length of the Alu-
minum beam is recorded by positioning the vibration pickup
and tuning the vibration generator at the corresponding
resonant frequencies. These results for first three modes are
plotted in Figure 10. Corresponding numerical results are also
presented in the same graph for comparison.

6. Discussion

The results from fuzzy controller and the information
obtained from theoretical, finite element and experimental
analysis of the cracked cantilever beam are depicted later.

Fuzzy logic systems promise an efficient way for damage
assessment in a cracked structure. They are able to treat
uncertain and imprecise information; they make use of
knowledge in the form of linguistic rules. At first, the
theoretical expressions for the cracked and uncracked beams
are developed for calculation of natural frequencies, mode
shapes following correct expression of strain energy release
rate. From Figure 2, it is observed that the compliances
increase with the increase in relative crack depth. Finite
element analysis is being performed on the cracked beam
element (Figure 5) to find out the vibration characteristics.
The comparison between results obtained from theoretical
analysis for cracked and uncracked beamswith themagnified
view at the vicinity of crack location is presented in Figure 4.
Results from finite element analysis (FEA) and numerical
analysis are compared for both uncracked and cracked beams
and are shown in Figure 6. For validation of the information
obtained from various methodologies for analysis of the
cracked cantilever beam, an experimental setup is developed
as shown in Figure 9. Experiments are performed on the
Aluminum beam specimen (800 × 38 × 6mm) to estimate
the first three mode shapes which are compared with the
mode shapes obtained from the analysis asmentioned earlier.
The vibration signatures (natural frequencies, mode shapes)
are used to establish the fuzzy rules for designing fuzzy
controller based on Gaussian membership functions that are
depicted in Figures 7(a) and 7(b). The linguistic terms of
fuzzy rules in the present fuzzy controller are given in Table 1.
Some of the actual rules made for the fuzzy controller of
the present investigation are listed in Table 2. The outputs
of the Gaussian fuzzy controller obtained by activating rule

6 and rule 19 from Table 2 are presented in Figure 8. The
mode shapes obtained from experimental and numerical,
finite element, fuzzy analysis for cracked and uncracked
beams are compared graphically in Figure 10. Some of the
predicted outputs of the developed fuzzy controller and
corresponding numerical finite element, and experimental
results are presented in Table 3. It is observed that the results
of all analyses are in good agreement.

7. Conclusions

In the present section, results obtained from the different
analyses have the following conclusions.

As clear cut deviation of the mode shapes, natural
frequencies can be detected for the cracked and uncracked
beams at the vicinity of crack location. The comparison of
results derived from theoretical and finite element method
(FEM) for the cracked structure shows a good agreement.
The fuzzy controller developed with Gaussian membership
functions is designed with the help of the vibration signatures
obtained from numerical and finite element analyses.

The first three relative natural frequencies and the first
three mode shapes in dimensionless forms are the input
parameters to the fuzzy inference system. Relative crack loca-
tion and relative crack depth are the outputs from the system.
The comparison of results between experimental and fuzzy
analyses shows a close agreement. From the comparison of
results, it is observed that the developed fuzzy inference
system can predict the relative crack location and relative
crack depth in a faster and accurate way, thereby decreasing
a considerable amount of computational time. The proposed
method can be used as an online condition monitoring tool,
and in the future, hybrid technique can be developed for a
faster andmore efficient way for fault detection in the domain
of dynamic vibrating structure.
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The real-time nondestructive testing (NDT) for crack detection and impact source identification (CDISI) has attracted the
researchers from diverse areas.This is apparent from the current work in the literature. CDISI has usually been performed by visual
assessment of waveforms generated by a standard data acquisition system. In this paper we suggest an automation of CDISI for
metal armor plates using a soft computing approach by developing a fuzzy inference system to effectively deal with this problem. It
is also advantageous to develop a chip that can contribute towards real time CDISI.The objective of this paper is to report on efforts
to develop an automated CDISI procedure and to formulate a technique such that the proposed method can be easily implemented
on a chip. The CDISI fuzzy inference system is developed using MATLAB’s fuzzy logic toolbox. A VLSI circuit for CDISI is
developed on basis of fuzzy logic model using Verilog, a hardware description language (HDL). The Xilinx ISE WebPACK9.1i is
used for design, synthesis, implementation, and verification. The CDISI field-programmable gate array (FPGA) implementation is
done using Xilinx’s Spartan 3 FPGA. SynaptiCAD’s Verilog Simulators—VeriLogger PRO andModelSim—are used as the software
simulation and debug environment.

1. Introduction

Crack detection and impact source identification inmaterials
is a renowned problem found in variety of commercial and
military applications like beams, bridges, turbines, pave-
ments, armor plates, vehicle body plates, bones, teeth, and so
on. This long-standing interest in development of CDISI is
evident from variety ofmethods proposed in the literature [1–
33]. Ultrasonic guided waves are used for the crack detection
[1, 2]. The crack detection is done by measuring lamb
wave signals using the dual PZT transducers [3]. Wireless
inductively-coupled transducers are used for the crack detec-
tion [4]. The wave velocities of concrete are measured by the
portable transient elastic wave system to track the health of
concrete [5]. Automation for different crack detection and
impact source identification methods is lately carried out

in the literature using soft computing and VLSI techniques.
Image processing techniques are used for the crack detection
[6, 7]. One of the most effective tools to deal with complex
problems with lack of certainty, accuracy, and absolute truth
is the soft computing. Zadeh [8] describes soft computing
“Soft computing is tolerant of imprecision, uncertainty, partial
truth, and approximation than the traditional Hard Comput-
ing. The role model for soft computing is the human brain.” A
fuzzy inference system [9] is developed to predict location
and depth of the crack of a cracked cantilever beam structure
in a close proximity to the real results. A hybrid artificial
intelligence technique with fuzzy-neuro controller is used to
detect the crack with its location in cantilever beam [10].
Fuzzy logic and expert system techniques are efficiently used
in evaluation of pavement distress like cracking [11]. A genetic
fuzzy system [12] is used for crack density and crack location
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PZT transducers/
sensor A

PZT transducers/
sensor B

Ceramic armor plate

Variable
AC source Oscilloscope

Figure 1: CDISI: crack detection test system circuit.

detection. The genetic fuzzy logic system [13] is used as
method for automatic rule generation in fuzzy systems for
structural damage detection. Reference [14] has presented a
comprehensive structural fault detection method using fuzzy
logic which is better suited to tolerate noise and uncertainty.
A fuzzy rule-based system [15] is developed for the blade of
a BO-105 helicopter rotor modeled as a cantilever beam and
demonstrated that the fuzzy system performs accurately even
in the existence of noisy data. The sensitivity of the modal
frequencies and other parameters to a crack increases when
the crack is near the sensors and decreases as the crackmoves
away, thus a modular neural network architecture [16] is
presented as a nondestructive method for health monitoring
of structures. The issue of uncertainty in material properties
in structural damage detection with fuzzy logic is addressed
by [30–33], with use of the fuzzy cognitive maps [30] used to
solve this problem. Recently Meitzler et al. [1] have proposed
an ultrasonic crack detection system, which uses transducers
to detect the crack in metal armor plates. The existence
of cracks is determined by comparing the output voltage
waveforms with those of an undamaged plate manually using
metrics.

NDT of an object determines its usefulness without
ruining it to avoid its intended use. A CDISI problem is
quite important to issues related to the security and safety
of soldiers as it affects the armored vehicles’ body plates
and soldier’s body armor on the battlefield. The NDT for
CDISI accomplishes to perk up the reliability by assuring the
quality level of armor material and operational readiness of
armored vehicles and soldier’s body armor plate prior to or
during its day-to-day use. A CDISI system for armor plates
is presented as a new soft computing method based on the
fuzzy logic component. The FPGA implementation [1] of
CDISI fuzzy inference system is done with an intention to
embed it on a chip designed for a CDISI handheld device.
Our approach uses the theory of soft computing to develop a
model supported by VLSI design to determine the following
metrics.

(1) Nature of plate: It is diagnosed to be in one of the four
possible states like unknown, undamaged, slightly
damaged, and damaged. The system generates degree
of crack value in the range of [0, 1] where 0 represents
an unknown state and 1 represents a damaged plate.

As the degree of crack value increases, the amount of
crack in the plate also increases.

(2) Source of impact: The CDISI system currently rec-
ognizes two different sources of impact. This can
be expanded for incorporation of a larger range of
sources.

This paper is organized in the followingmanner. Section 2
focuses on the literature review and discusses the CDISI
system description. Section 3 discusses the fundamental the-
ory of fuzzy systems, fuzzy models, and fuzzy logic-based
modeling techniques for CDISI. The proposed CDISI fuzzy
inference system is given in Section 4. Section 5 presents
FPGA implementation of CDISI system. An integrated
approach of CDISI system which is based on the Fuzzy
model and FPGA implementation is the topic of discussion
in Section 6. Finally Section 7 concludes the paper.

2. CDISI System Description

Crack detection and impact source identification has been
a widely studied problem in the literature using NDT
approaches. The work of Meitzler et al. [1] is reviewed
here for the ready reference. An ultrasonic crack detection
system [1] for ceramic vehicle body armor support sys-
tem (VBASS) plates as shown in Figure 1 uses two piezo-
electric lead zirconate titanate (PZT) transducers attached
with ceramic plate to be tested for the crack. Generally
transducers are used to transmit energy from one type to
another. Here they are used to stimulate and measure the
resonances mode of rectangular ceramic armor plates in
50–300 kHz range of frequencies. PZT transducer/sensor
A is connected to the variable AC source, and the PZT
transducer/sensor B is connected to the oscilloscope for
transmitted energy and excited vibrational mode analysis.
The alteration in the mechanical structure or presence of
cracks is determined by comparing the output voltage wave-
forms with those of an undamaged plate manually using
metrics.

The impact source identification system consists of a
ceramic plate [17, 18] as shown in Figure 2. The two sensors,
sensor A and sensor B, are positioned on two sides of
the ceramic plate which sense the acoustic emissions from
submicron cracking caused by the hitting pressure. These
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Figure 2: CDISI: impact source identification test system circuit.

sensors read the waveforms when the plate is hit by the
source.The data acquisition system (DAS) extracts data from
these waveforms. The location being hit on the plate affects
the decision of impact source identification, so it has 16 parts
where the source can be hit.These parts are labeled P

00
to P
33

as seen in Figure 2. The accuracy of the identification of the
source of impact depends on the part number being hit by a
source.

An automated procedure for the CDISI is proposed,
which reads the waveforms from the sensors A and B in
the test circuits seen in Figures 1 and 2 with the help
of a DEWESoft data acquisition [19] system. The various
parameters extracted from the CDISI system waveforms are
frequency, averageRMS, standard deviation, RMSvalue, peak
value, median, mode, and FFT value. After systematic study
of parameters it was noticed that some of these parameters
are instrumental in the process of decision making towards
conclusion = {Nature of plate, Source of Impact} and some are
redundant. The unique parameters extracted from sensors A
and B for the CDISI assessment are input frequency, average
RMS, standard deviation, location index, Arms, Amax, Brms,
and Bmax.TheArms and Brms are the RMS value for sensors
A and B. Amax and Bmax are the peak value for the sensors
A and B.The details of the input and output parameters of the
CDISI are

Input Parameters

= {Input Frequency,Average RMS, Std. Deviation,

Location Index,Arms,Amax,Brms,Bmax} ,
(a)

Output Parameters={Nature of Plate, Source of Impact} ,
(b)

Nature of Plate

={Unknown,Undamaged,Damaged, Slightly Damaged} ,
(c)

Source of Impact

= {SourceType1, SourceType2, SourceUnknown} .
(d)

The CDISI test circuits as shown in Figures 1 and 2
generate a sufficiently large database for {Input Parameters,
Output Parameters}. This database is influential in defining
fuzzy relation between the inputs and output parameters.

In practice the time and frequency domain analysis of the
sensor waveforms is used for CDISI, which many times
turns out to be very expensive. To the best of authors
knowledge fuzzy logic is the best candidate to express
the relation between the input and the output parameters,
due to the lack of strong mathematical model to repre-
sent this system. CDISI fuzzy system outperforms the con-
ventional comparison method involving human error due
to manual comparison of the waveforms with that of an
ideal plate and the known source of impact. The CDISI
fuzzy inference system is a fast, reasonably priced fault-
diagnosis solution in the complex system which involves
human thinking. The CDISI fuzzy model is discussed in
Section 3.

3. CDISI Fuzzy Model

A fuzzy system is developed on the basis of the fuzzy logic,
which is based on the fuzzy set theory [9]. Fuzzy logic
supports approximate reasoning by taking a broader view of
Boolean values of 1 and 0 with fine merger of symbolic and
numeric computation. All the input and output parameters
in a fuzzy system are essentially fuzzy-subset [20] with each
element having some degree of membership in the subset.

The CDISI fuzzy system model portrayed in Figure 3
consists of following elements.
(1) Numerical Data Inputs. The numerical values for all
input parameters are extracted from the output waveforms
generated with the help of data acquisition system. These
numerical values for different parameters are used as inputs
to CDISI fuzzy model. The numerical data inputs for CDISI
system are input frequency, average RMS, standard deviation,
location index, Arms, Amax, Brms, and Bmax.
(2) Numerical and Linguistic DataOutputs.TheCDISI output
waveform parameters lead to determine the nature of plate
and the source of impact. The nature of plate ∈ [0, 1] is also
represented as degree of crack; the smaller the value of degree
the less the amount of cracking. The linguistic labels applied
to the output parameters are

(i) NatureOfPlate ∈ {Unknown, Undamaged, Slightly
Damaged, Damaged} ∈ [0, 1],

(ii) SourceOfImpact ∈ {SourceType1, SourceType2,Sour-
ceUnknown} ∈ [0, 1].
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Figure 3: CDISI fuzzy system model.

Table 1: Linguistic labels for the index location parameter.

Parameter Labels
Near Far Faraway

Index location
segments

Segments
adjacent to
sensor

Segments adjacent
sidewise to the
near section

Rest of the
segments

(3) Fuzzification. It maps observed nonfuzzy input parame-
ters into suitable linguistic values, which are defined as the
labels of fuzzy parameter sets. The linguistic labels for input
parameter location index can be seen in Table 1. The near
label segments are shaded grey, far label segments are white,
and faraway label segments are shaded in gradient in Figure 2.
The linguistic labels for input parameters input frequency,
average RMS, std. deviation, Arms, Amax, Brms, and Bmax
can be illustrated in Table 2. The transformation of data into
linguistic labels and vice versa is done with help of (1) and (2)
and Table 3.

Frequency (𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

{

LL if 01 ≤ 𝑥 < 30,
LH if 30 ≤ 𝑥 < 60,
ML if 60 ≤ 𝑥 < 70,
MH if 70 ≤ 𝑥 < 80,
HL if 80 ≤ 𝑥 < 90,
HH if 90 ≤ 𝑥 < 100,
VH if > 110.

(1)

In (1) label is allocated to different values of the input fre-
quency. These labels are further associated with membership
functions from Table 3 equations for the different values of
the linguistic labels used in the fuzzy model.
(4) Fuzzy Inference Engine. The major components of this
block are

(a) a rule base: fuzzy rule can be expressed as

“If input1 is A or input2 is B and input3 is C,
then output is D,” where A, B, and C are the
input and D is output linguistic label values
defined. With some experimentation, trialerror,
past experience, and familiarity with the system
that is to be developed the rules are formulated;

(b) fuzzy rule database: sets up the relation and defines
the membership functions for each input and output
parameter being used by the CDISI fuzzy rules;

(c) reasoning mechanism: this block generates the result
by implementing the inference procedure on the
given conditions and the formed rules. Different
reasoning mechanisms can be used in a fuzzy system
to obtain the desired result. The CDISI results are
obtained by aggregating the result of each rule in the
fuzzy rule base.

(5) Defuzzification. This component takes inputs as aggre-
gated fuzzy dataset, the result of fuzzy inference engine and
further maps it to a nonfuzzy output value for the degree of
crack/nature of plate and source of impact outputs.The reverse
process of the fuzzification is

SourceOfImpact (𝑥)

=

{

{

{

{

{

SrcType1 if trimf (𝑥, [−0.4, 0, 0.4]) ,
SrcType2 if trimf (𝑥, [1, 0.5, 0.9]) ,
SrcUnknown if trimf (𝑥, [0.6, 1, 1.4]) ,

NatureOfPlate (𝑥)

=

{

{

{

{

{

{

{

{

{

UnKnown if trimf (𝑥, [−0.3333, 0, 0.3333])
Undamaged if trimf (𝑥, [0, 0.3333, 0.6667])
Slightly Damaged if trimf (𝑥, [0.3333, 0.6667, 1])
Damaged if trimf (𝑥, [0.6667, 1, 1.333]) ,

(2)



Advances in Fuzzy Systems 5

Table 2: Linguistic labels for the different parameters.

Labels LL LH ML MM MH HL HH VH
Range of value Low-low Low-high Medium-low Medium-medium Medium-high High-low High-high Very high

Table 3: Linguistic label membership function equations for differ-
ent parameters.

Membership function equations

LL(𝑥) =
{

{

{

{

{

{

{

0, 𝑥 ≤ 0,

0.1429 − 𝑥/0.1429, 𝑥 ∈ (0, 0.1429) ,

0, 𝑥 ≥ 0.1429.

LH(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.1429

𝑥/(0.1429), 𝑥 ∈ (0, 0.1429) ,

0.3 − 𝑥/0.1428, 𝑥 ∈ (0.1429, 0.2857) ,

0, 𝑥 ≥ 0.2857.

ML(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.1429,

𝑥 − 0.1429/0.1428, 𝑥 ∈ (0.1429, 0.2857) ,

0.2857 − 𝑥/0.1429, 𝑥 ∈ (0.2857, 0.4286) ,

0, 𝑥 ≥ 0.4286.

MM(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.2857,

𝑥 − 0.2857/0.1429, 𝑥 ∈ (0.2857, 0.4286) ,

0.4286 − 𝑥/0.1428, 𝑥 ∈ (0.4286, 0.5714) ,

0, 𝑥 ≥ 0.5714.

MH(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.4286,

𝑥 − 0.4286/0.1428, 𝑥 ∈ (0.4286, 0.5714) ,

0.5714 − 𝑥/0.1429, 𝑥 ∈ (0.5714, 0.7143) ,

0, 𝑥 ≥ 0.7143.

HL(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.5714,

𝑥 − 0.5714/0.1429, 𝑥 ∈ (0.5714, 0.7143) ,

0.7143 − 𝑥/0.1428, 𝑥 ∈ (0.7143, 0.8571) ,

0, 𝑥 ≥ 0.8571.

HH(𝑥) =

{

{

{

{

{

{

{

{

{

{

{

{

{

0, 𝑥 ≤ 0.7143,

𝑥 − 0.7143/0.1428, 𝑥 ∈ (0.7143, 0.8571) ,

0.857 − 𝑥/0.1429, 𝑥 ∈ (0.8571, 1) ,

0, 𝑥 ≥ 1.

VH(𝑥) =
{

{

{

{

{

{

{

0, 𝑥 ≤ 0.8571,

𝑥 − 0.8571/0.1429, 𝑥 ∈ (0.8571, 1) ,

0, 𝑥 ≥ 1.

where trimf(𝑥, [a, b, c]) is the triangular function [21] with a,
b, and c as left feet, right feet, and the peaks of triangle.

4. CDISI Fuzzy Inference System

Taking into consideration the automation ofCDISI system for
armor plates and the uncertainties pertaining to these kinds

of systems, the fuzzy logic approach [12, 23] seems to be one
of the promising candidates.

The CDISI Fuzzy Inference System is a multiple input
multiple output (MIMO) system as shown in Figure 4. It has
eight input and two output unique parameters.The Linguistic
labels for the Index Location parameter are tabulated in
Table 1 and rest of the input parameters in Table 2. The
linguistic labels for the output parameters are expressed in
(2). Table 4 shows the labels and range of values for different
input parameters. The membership functions are assigned to
each of these parameters. All of the CDISI parameter mem-
bership functions selected are triangular functions after some
trial and error on experimenting with other membership
functions like Gaussian, Trapezoidal, Gaussian bell and few
more. It was observed that triangular function works well
with the CDISI Fuzzy Inference System. Figure 5 shows the
triangular membership function for the output parameters
NatureOfPlate and SourceOfImpact. Figure 6 shows the tri-
angular membership function for the input parameters like
Average RMS and Location.

Table 5 shows a sample of the rule base, expressing the
relationship between the input and output parameters. If any
of the input parameter labels are “true” for a certain rule then
that rule is said to be activated. About five dozen rules are
incorporated in the CDISI System.

Fuzzy Logic Toolbox from MATLAB is used to build
the CDISI fuzzy Inference System using Mamdani method
[21]. The CDISI Fuzzy Inference System implementation
snapshots can be seen in Figure 7. Figure 7(a) shows the
MIMO structure of the CDISI Fuzzy Inference System. This
portrays the input and the output parameters as discussed in
Sections 2 and 3. A snapshot of CDISI Fuzzy System Rule
Editor Window can be seen in Figure 7(b), which provides
an environment to add, delete and update rules in the rule
database.

5. FPGA Implementation of CDISI

CDISI system automation is done by rapid prototyping of
a chip with the help of FPGA implementation [24–26]. The
reference [1] has discussed the standalone device designed to
detect cracks in armor plates. An effort is made to develop
a chip which can detect crack and identify the source of
impact on basis of logic used in the CDISI fuzzy inference
system discussed in Section 4. FPGA implementation of the
CDISI system is done using hardware description language
Verilog with the Xilinx ISE WebPack [27], SynaptiCAD
[28], and ModelSim XE [29] using Spartan 3 FPGA. CDISI
FPGA implementation is a general-purpose, multi-level pro-
grammable logic device supported with advantages like

(1) flexibility to change rules on the hardware,
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Table 5: Sample rule base for the CDISI fuzzy inference system.

Rule no. Freq Avg. RMS Std. dev. Loc. Arms Amax Brms Bmax Nature of plate Impact source
1 MM MM MM Far HL HH LH ML Unknown SourceType2
5 MM MM MM Faraway HL HH MH ML Unknown SourceType1
18 MM MM MM Near VH HH ML MH Unknown SourceType1
35 HH LL HH Far MM MM MM MM Damaged SourceUnknown
42 HH HH MM Far MM MM MM MM Undamaged SourceUnknown
54 MM HH LL Far MM MM MM MM Slightly damaged SourceUnknown

CDISI
fuzzy 

inference model

Input frequency

Degree of crack / 
nature of plate 

Source of impact

Standard deviation
Amax
Arms
Bmax
Brms

Location index

Average RMS voltage

Figure 4: CDISI fuzzy inference system.
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(a)

Source Type1 Source Type2 Source Unknown

Output variable “Source Of Impact”

1

0.5

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

(b)

Figure 5: Output parameters membership function: (a) NatureOfPlate and (b) SourceOfImpact.

LL LH ML MM MH HL HH VH

Input variable (average RMS)

1

0.5

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

(a)

Near Far Faraway

Input variable (location)

1

0.5

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

(b)

Figure 6: Input parameters membership functions: (a) average RMS and (b) location.
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Figure 7: CDISI fuzzy inference system: (a) the fuzzy inference system (FIS) and (b) the FIS rules.

(2) programing and reprograming using reasonably
priced hardware and software on the field,

(3) cheaper option over the respective chip, with respect
to the manufacturing cost and complexity of the chip.

Figures 8(a) and 8(b) show the structure of CDISI FPGA
system and the RTL schematic, respectively. The system has
the following 3-bit inputs: Input Frequency, Average RMS,
Standard Deviation, Amax, Arms, Bmax, and Brms.The input
Location Index is the only 2-bit input parameter.The output is
restricted for the experimental purpose to 1-bit ImpactSource
and 2-bitPltstatus for source of impact and the nature of plate,
respectively. The number of bits can be extended further to
expand the input and the output domains. The status code
bits, that represent themeaning associated with each numeri-
cal value result are tabulated in Table 6. They show the

value of output bus. For example, Pltstatus = 11 indicates
that the plate is damaged, and ImpactSource = 1 indicates
that the source of impact is ImpactSource-Two. Table 7 shows
the CDISI FPGA implementation input status code bits for
various 3-bit and 2-bit input parameters. This table has
tabulated the possible input values that can be assigned to
different input buses.

CDISI system technology schematic can be seen in Figure
9(a), which represents the design in terms of logic elements
optimized to the target device. Figure 9(b) shows the detailed
system register transfer level (RTL) schematic of the proposed
CDISI system. RTL schematic view symbolizes design in
terms of macro blocks. Each macro block has combinatorial
logic mapping onto elementary logic function gates. Figure
10(a) shows the output HDL log of the software simulation
using SynaptiCAD software of the CDISI system developed.
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Figure 8: CDISI system FPGA implementation: (a) system design structure and (b) RTL schematic.

(a) (b)

Figure 9: CDISI system: (a) technology schematic and (b) detailed RTL schematic.

Some sample results can be observed here in Figure 10(a) for
a set of input parameters. Figure 10(b) shows the waveform
simulation for the CDISI system. Table 8 shows the analysis
of CDISI system implementation device usage. It can be
seen in Table 8 that LUT (Lookup Table) utilization is
1%. Slice, an elementary programmable logic block which
includes two 4-input LUTs, two multiplexers, arithmetic
logic unit, and two 1-bit registers, has the utilization of 1%.
Thus Table 8 illustrates minimal device usage by the CDISI
system.

6. CDISI System: An Integrated Approach

CDISI System supports an automated and integrated ap-
proach towards crack detection and the impact source
identification in ceramic plates. This integrated approach
consists of CDISI fuzzy inference system and the CDISI field-
programmable gate array (FPGA) implementation as shown
in Figure 11. The test circuit discussed in Section 2 generates
waveforms which can be displayed on an oscilloscope. The
test circuit results are further used to extract the data which
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Table 6: CDISI FPGA implementation output status code bits.

CDISI output Nature of Plate status (2-bit) Source of Impact (1-bit)
Unknown Undamaged Slightly damaged Damaged ImpactSource-One ImpactSource-Two

Output bus code 00 01 10 11 0 1
Numerical value 0 1 2 3 0 1

Table 7: CDISI FPGA implementation input status code bits.

Input labels 3-bit input parameters 2-bit input parameters
LL LH ML MM MH HL HH VH Near Far Faraway

Range of
value Low-low Low-high Medium-

low
Medium-
medium

Medium-
high High-low High-high Very-high low medium high

Input bus
code 000 001 010 011 100 101 110 111 00 01 11

Numerical
value 0 1 2 3 4 5 6 7 0 1 3

Table 8: Analysis of FPGA implementation of CDISI.

Metric Used Available Utilization
Number of 4 input LUTs 10 3,840 1%
Number of Slices occupied 6 1,920 1%
Additional JTAG gate count for IOBs 912 — —
Number of bonded IOBs: 19 173 10%
Total equivalent gate count for design 66 — —

proceed as input for theCDISI System.TheCDISI fuzzy infer-
ence system generates the result {Pltstatus, ImpactSource}.
CDISI field-programmable gate array (FPGA) implemen-
tation utilizes and implements the rule base from fuzzy
inference system.

The proposed algorithm for an integrated approach to-
wards CDISI consists of following subsystems.

(1) CDISI system test circuit parameter extraction:
extracts the parameters from the results generated by
the circuits discussed in Section 2 with the help of
DEWESoft Data acquisition system.

(2) CDISI fuzzy inference system: develops CDISI fuzzy
inference systemwhich essentially is amultiple-input,
multiple-output fuzzy system, based on the behavior
extracted from the data.

(3) CDISI field-programmable gate array (FPGA) imple-
mentation: identifies the inputs and outputs for the
CDISI chip, develops Verilog code for CDISI in
ceramic plates on Spartan 3 FPGA, and writes a
test-bench file to simulate and verify the FPGA
implementation.

(4) Display output: nature of plate (Pltstatus) and source
of impact (ImpactSource) are the two outputs dis-
played by both the fuzzy and the FPGA implemen-
tations.

The detailed proposed algorithm for overall development of
CDISI systemwhich consists of the fuzzy inference andFPGA
implementation consists of the following steps.

(1) Acquire sensors A and B waveforms using DEWESoft
7 data acquisition system (DAS) and save them in two
data files.

(2) Extract the input parameters from the waveform data
obtained by the test circuit discussed in Section 2.

(3) Identify the input and output parameters for CDISI
fuzzy inference system as seen in Figures 1 and 2.

(4) Set the range for the input and output parameters.
CDISI parameter range is tabulated in Table 4.

(5) DefineCDISI fuzzymodel [6, 17] usingMamdani type
fuzzy inference system, considering absolute values of
parameters.

(6) Fuzzify the input parameters and map an observed
nonfuzzy input space into suitable linguistic values as
seen in Tables 1 and 2.

(7) Define membership function for each input and
output parameter with experimentation.

(8) Develop fuzzy rule base on the basis of data collected.
(9) The result is obtained by aggregating the result of each

rule in the fuzzy rule base for the considered input.
(10) Defuzzify the output andmap it to nonfuzzy linguistic

output values (NatureofPlate) and (SourceOfImpact).
(11) Identify number of bits required to represent the

CDISI system input and output parameters on a chip
as identified for the fuzzy system and determine the
dimension of the system structure as observed in
Figure 8.

(12) Develop Verilog hardware description language code
for CDISI system for ceramic plates.

(13) Select device as FPGA and assign package pins for
CDISI design on FPGA.
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(a) (b)

Figure 10: CDISI simulation: (a) HDL log and (b) waveform simulation.
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Figure 11: An integrated approach towards CDISI.

(14) Generate a netlist PROMfile to be downloaded on the
Spartan 3 FPGA.

(15) Configure the FPGA and program FPGA; verify the
design using input output signal pins/buttons on
FPGA.

(16) Write a Verilog test-bench file for software simulation
and verification of the FPGA implementation.

(17) Run the test bench file with help of any of the tools
like SynaptiCAD Verilogger Pro and ModelSim.

7. Conclusion

The problem of crack detection has aroused interest amongst
a large number of investigators because of its importance in
a variety of applications. Similarly there has been interest in
identifying the source which is responsible for making the
crack. In this paper a unified approach for crack detection
and the impact source identification is proposed. Because
of the importance of the problem it is essential to develop
the chip which can have the algorithm for CDISI problem
implemented. It is revealed in this paper that the concept of
fuzzy logic and the rule base developed by the fuzzy logic can
be implemented to solve this problem in industry. The fuzzy
rule base can be developed in the form of a Verilog code,
which further enables the field-programmable gate array
(FPGA) implementation of the suggested technique. The

suggested technique is implemented using Xilinx’s Spartan
3 FPGA and ISE WebPACK 9.1i software. The software
simulation and debugging is done by means of SynaptiCAD’s
Verilog Simulator—VeriLogger pro—and ModelSim. The
proposed FPGA implementation reads the values of input
parameters and exhibits the nature of plate and source of
impact. The entire algorithm has been successfully imple-
mented for integrated crack detection and impact source
identification and can possibly act as a hand held device
for the detection of crack and to identify the source of
impact. The current CDISI system can be expanded by
inclusion of more parameters and extended range for the
parameters.The suggested procedure can show the way to the
solutions for several other similar problems of interest in the
industry.
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A fuzzy rule-based expert system is developed for evaluating intellectual capital. A fuzzy linguistic approach assists managers to
understand and evaluate the level of each intellectual capital item. The proposed fuzzy rule-based expert system applies fuzzy
linguistic variables to express the level of qualitative evaluation and criteria of experts. Feasibility of the proposed model is
demonstrated by the result of intellectual capital performance evaluation for a sample company.

1. Introduction

Today’s “new economy” is actually the “knowledge econ-
omy” or the “knowledge society”. This development is
characterized by increased digitalization, globalization, and
application of knowledge [1]. Intellectual capital consists of
assets created through intellectual activities ranging from
acquiring new knowledge (learning) and inventions to
creating valuable relationships [2]. In strategy decision-
making, an intellectual capital evaluation model should be
a feasible tool for managers to handle and improve existing
intellectual capital effectively and efficiently in accordance
with different performance levels of each item and criterion
[1].

Tai and Chen [3] proposed a feasible enterprise intel-
lectual capital evaluation model by means of 2-tuple fuzzy
linguistic approach to assist managers understand the per-
formance of intellectual capital. In this model, experts apply
linguistic variables to express the level of intellectual items.
Fasanghari et al. [4] proposed a fuzzy expert system which
can measure intellectual capital based on three categories:
knowledge capital, management capital, and market capital.
This expert system uses 27 rules to assess level of intellectual
capital based on these three components. However, these

measurement models help enterprise managers to under-
stand the status of intellectual capital, but they frequently
use the term “intellectual capital” and its items in an all-
encompassing fashion with the risk that in time the identity
of object will become unclear [5]. Managers are faced with
many questions such as: “what is intellectual capital?”, “what
does employee’s knowledge mean?”, “how can I found out
the level of employee’s knowledge in my company?”, or “is
employee’s knowledge important for my company?” a set of
rules which determine the level of intellectual capital items
by asking some questions from managers is useful. Manager’s
answer to these questions is expressed with linguistic labels.
Here, we deal with a qualitative model as a system model
based on linguistic description. Sugeno and Yasukawa [6]
defined fuzzy modeling as a qualitative modeling scheme
by which we quantitatively describe system behavior using
a natural language. Thus, a suitable fuzzy expert system,
which could identifies the performance degree of intellectual
capital, is proposed.

The proposed fuzzy rule-based expert system evaluates
the performance degree of intellectual capital based on the
model proposed by Tai and Chen [3] using performance
level and importance level of each intellectual item. In this
expert system, the importance and performance level of each
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intellectual item are determined indirectly through asking
some questions from managers.

The main contributions of this paper are as follows.

(i) Instead of asking managers directly about the status
of enterprise’s intellectual items—so as previous
works—the importance and performance level of
each intellectual capital is determined indirectly
through asking some question.

(ii) Developing two sets of rules (totally about 80 rules)
for each intellectual capital items to assess the overall
status of intellectual capital more efficiently (one rule
set for importance level and one for performance
level).

This paper is organized as follows. Section 2 introduces
the concept of intellectual capital and fuzzy control rules.
In Section 3, proposed fuzzy expert system to evaluate
intellectual capital is presented. In Section 4, the proposed
system is implemented in a real company. Finally, some
conclusions and future works are presented at the last section
of the paper.

2. Background

2.1. Intellectual Capital (IC). Edvinsson and Malone [7]
define the difference between a firm’s market value and book
value as the value of intellectual capital. Stewart [8] defines
intellectual capital as “intellectual material—knowledge,
information, intellectual property, experience—that can be
put to use to create wealth”. He recognizes human capital,
structure capital, and customer capital. Sveiby [9] proposed
that intellectual capital includes employee competence,
internal structure, and external structure. Edvinsson [10]
divides structure capital into organization capital and cus-
tomer capital. Liebowitz and Wright [11] divide intellectual
capital into four unique categories such as human capital,
customer capital, process capital, and innovation capital.
Organization for Economic Cooperation and Development
(OECD) [12] describes intellectual capital as “the economic
value of two categories of intangible assets of a company: (1)
organizational (“structural”) capital and (2) human capital“.
Bukh et al. [13] identify that in most models of intellectual
capital, human capital, customer capital, and organization
capital are the components of intellectual capital.

Human capital is the foundation of IC, a primary
element to perform IC’s functions. It refers to such factors
as employee’s knowledge, skill, capability, and attitudes in
relation to fostering performances which customers are
willing to pay for and the company’s profit comes from.
Customer capital, which acts as a bridge and a catalyst on the
operations of IC, is the main requirement and determinant in
converting IC into market value and thereupon organization
business performance [14]. Structural capital is the use of the
part of the intellectual capital that is owned by the company.
Edvinsson [6] defines the term as: “Hardware, software,
databases, organizational structure, patents, trademarks, and
everything else of organizational capability that supports that
employee’s productivity. Everything left at the office, when

the employees go home. Unlike human capital, structural
capital can be owned and thereby traded.”

To evaluate the overall performance of intellectual ca-
pital, we should define the performance of intellectual
capital components. So, by reviewing the literature, the
following classification is used in this paper: human capital
can be defined as a combination of employee’s knowl-
edge, employee’s innovativeness, satisfaction degree, and
employee’s turnover rate. Customer capital can be classified
into market share rate, customer loyalty, customer satis-
faction, and customer relationship. Structural capital can
be classified into trademark, operation process, information
system, and corporate culture. By defining the performance
degree of each item, we can evaluate the performance degree
of intellectual capital. The importance and performance
degree of each intellectual item is determined with linguistic
variables. Fuzzy set theory is suitable in qualitative assess-
ment. So for each intellectual item, we define a fuzzy rule set
to evaluate the item through asking question from managers.

2.2. Fuzzy Control Rules. Conventional rule-based expert
systems use human expert knowledge to solve real-world
problems that normally would require human intelligence.
Expert knowledge is often represented in the form of rulesor
as datawithin the computer. Depending upon the problem
requirement, these rules and data can be recalled to solve
problems [15]. Some of the important advantages of expert
systems are as follows [16]:

(i) ability to capture and preserve irreplaceable human
experience;

(ii) ability to develop a system more consistent than
human experts;

(iii) minimize human expertise needed at a number of
locations at the same time (especially in a hostile
environment that is dangerous to human health);

(iv) solutions can be developed faster than human
experts.

The basic components of an expert system are illustrated
in Figure 1. The knowledge base stores all relevant informa-
tion, data, rules, cases, and relationships used by the expert
system. A knowledge base can combine the knowledge of
multiple human experts. A rule is a conditional statement
that links given conditions to actions or outcomes [16].

Zadeh [17] states that precise qualitative analyses of the
behavior of humanistic systems are not likely to have much
relevance to the real-world societal, political, economic, and
other types of problems which involves humans either as
individuals or in groups. He suggested linguistic analysis in
place of quantitative analysis. Mamdani was the first to apply
fuzzy logic to control (Figure 2). This topic became known as
fuzzy algorithmic control or linguistic control. Fuzzy control
can be viewed as a result of qualitative modeling of a human
operator.
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Figure 1: Architecture of a simple expert system [16].
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Figure 2: Mamdani fuzzy inference system using min and max for
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3. Proposed Fuzzy Expert System to Evaluate
Intellectual Capital Performance

3.1. Overview of the Problem Domain. Intellectual capital
is intangible, and assessing its components needs knowl-
edge of intellectual capital experts. In knowledge econ-
omy, enterprises should manage their intellectual capital to
maintain their competitive advantage in capital market. To
manage intellectual capital, enterprises should measure it.
In this paper, we have developed a fuzzy rule base expert
system for this purpose. Using knowledge of intellectual
capital experts, this expert system helps enterprise decision
makers to determine organization’s performance degree of
intellectual capital. Fuzzy expert system models are similar
to the classical expert system models, where input spaces
are mapped to an output space. A fuzzy expert system
uses a collection of fuzzy membership functions and rules
for knowledge representation and reasoning with observed
system state data. An approximate reasoning process in a
fuzzy expert system is executed as follows [18]. Fuzzification
and forming a fuzzy set is a sub process in a fuzzy expert
system:
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Figure 3: Fuzzy sets on proportion of staff with a university degree.

(a1) Fuzzification. The degree of the memberships for each
rule’s premise is determined by matching the linguistic
terms with the actual values of the input variables [18]. For
example, in the proposed evaluation model, “Proportion of
staff with a university degree” is the linguistic variable, and
“high” is one of its fuzzy sets. A fuzzy set can be formed by
assigning a membership value to each object in the interval
of [0, 1]. Membership values represent the degree to which
an object belongs to a fuzzy set. Let X denotes the universe
of discourse, where x represents an element of the universe,
X and A denote a fuzzy set. A fuzzy set is hence characterized
by its membership function, µA(x) as [19]

µA(x) : X → [0, 1]. (1)

Membership function states that values assigned to the
elements of the universal set, X , fall within a specified range.
In the meantime, it indicates the membership grade of these
elements in fuzzy set A. A fuzzy set A, on universe of
discourse of X , can also be defined as a set of ordered pairs as
[19]

A = {(x,µA(x)
) | x ∈ X

}
. (2)

Figure 3 shows membership functions of fuzzy sets “very
low”, “low”, “medium”, “high”, and “very high”. Horizontal



4 Advances in Fuzzy Systems

axis of graph in Figure 3 represents “proportion of staff with
university degree” in percentage (the universal set X) and
vertical axis represents the degree to which this proportion
for a company can be labeled “very low”, “low”, “medium”,
“high”, and “very high”.

(a2) Forming Fuzzy Sets. To represent a fuzzy set in a
computer, we need to define its membership function. One
approach is to poll a group of people for their understanding
of the term that we are attempting to represent by the
fuzzy set [20]. For example, consider the concept of high
proportion of staff with university degree. We could ask
intellectual capital experts to what degree they believe a
proportion of staff with university degree is high. After
acquiring answers for a range of proportions, we could
perform simple averaging to produce a fuzzy set of high
proportion of staff with university degree. We can now use
this function to ascribe a belief (or membership value) to
a given proportion belonging to the fuzzy set of high. We
could continue this polling to account for other proportion
descriptions such as very low, low, medium, and very high
(as shown in Figure 3).

Using linguistic variables in fuzzy expert systems make all
modules of a classical expert system fuzzy.

(b1) Fuzzy Knowledge Acquisition. This module involves
the adaption of the expert system to a specific domain.
Zimmerman [18] state that the goal of this module is
extracting and organizing the knowledge and expertise
embedded in the problem domain. Knowledge acquisition is
described in literature as the most difficult process, one of
the greatest difficulties, the biggest bottleneck, or the most
time consuming task. There is no all-encompassing, unified
theory of how to acquire knowledge, and probably never will
be [21].

In this paper, we use direct approach for knowledge
acquisition process. Direct approach or interviewing is
good for obtaining a sense of the knowledge domain [21].
Interviewing consists of asking the domain experts questions
about the domain of interest and how they perform their
tasks [22].

To obtain the knowledge of intellectual capital from the
experts, we provided them with a set of indicators which
may be included in an intellectual capital statement. We
used a structured interview in which the experts were asked
to determine which of these indicators have impact on
importance and performance of which intellectual capital
components. Next, the experts were asked to determine
to what degree they are effective on outputs. Finally, they
were asked to connect indicators to one another, outputs to
one another, and indicators to outputs through rules. For
example, intellectual capital experts believe that proportion
of staff with a university degree is positively related with
employee’s knowledge capital, so, for instance, one of the
extracted rules is as follows: IF proportion of staff with
a university degree is very low, THEN employee’s knowledge
degree is very poor.

Table 1: Fuzzy rule set for employee’s knowledge performance
degree.

K-1-1

IF Proportion of staff with a university degree is very low

THEN Employee’s knowledge degree is (VP).

K-1-2

IF Proportion of staff with a university degree is low

THEN Employee’s knowledge degree is (P).

K-1-3

IF Proportion of staff with a university degree is medium

THEN Employee’s knowledge degree is (F).

K-1-4

IF Proportion of staff with a university degree is high

AND Proportion of 30–50 age employees is low

THEN Employee’s knowledge degree is (F).

K-1-5

IF Proportion of staff with a university degree is high

AND Proportion of 30–50 age employees is medium

THEN Employee’s knowledge degree is (G).

K-1-6

IF Proportion of staff with a university degree is high

AND Proportion of 30–50 age employees is high

THEN Employee’s knowledge degree is (VG).

K-1-7

IF Proportion of staff with a university degree is very high

AND Proportion of 30–50 age employees is low

THEN employee’s knowledge degree is (F).

K-1-8

IF Proportion of staff with a university degree is very high

AND Proportion of 30–50 age employees is medium

THEN Employee’s knowledge degree is (G).

K-1-9

IF Proportion of staff with a university degree is very high

AND Proportion of 30–50 age employees is high

THEN Employee’s knowledge degree is (VG).

Most of the indicators are obtained from “A guideline for
intellectual capital statements” [1] and others are determined
by experts. Like the evaluation model for intellectual capital
proposed by Tai and Chen [3], we use a classification for
intellectual capital components (as shown in Figure 4), and
we evaluate each components through its importance degree
and performance degree. Then, by combining all these
degrees, the overall performance of intellectual capital will
be determined (Tables 1 and 2).

(b2) Fuzzy Knowledge Base. The knowledge base represents
the knowledge related to the problem domain. A subset of
knowledge base is the fact base, which contains both sym-
bolic information and numeric information [18]. Factual
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Figure 4: Components of intellectual capital (revised from [3]).

knowledge or observed system state or facts in a knowledge-
based system are expressed as fact base. A notation of
observed system state is

X1 isr A∗1 AND X2 A∗2 AND · · ·AND Xn isr A∗n , (3)

where “isr” is a short form for “is contained in”, “is similar
to”, “is compatible to”, and so forth [18]. In short, it is usually
expressed as

A∗ = A∗1 AND A∗2 AND . . .AND A∗n (4)

The user of an expert system inputs the factual knowl-
edge and chooses the linguistic terms for observed states of
the system [18]. For example, in proposed expert system in
this paper, an observed system state is as follows: Proportion
of staff with a university degree isr high and proportion of
30–50 age employees isr medium

or in short notation:

High AND Medium (5)

Another part of the knowledge base is rule bases which
contain heuristics. They are used by domain experts to
diagnose, predict, control, and so forth a system behavior
[18]. Experts of intellectual capital domain use heuristics to
evaluate components of intellectual capital. A notation of
rule-base is

IF X1 isr A∗1 AND X2 isr A∗2 AND . . .AND Xn isr A∗n ,

THEN Y isr B
(6)

For example, in proposed expert system in this paper, an
observed system state is as follows: IF Proportion of staff with
a university degree isr high AND Proportion of 30–50 age
employees isr medium, THEN employee’s knowledge degree isr
good

During the knowledge acquisition phase, the domain
experts provide these rules. The linguistic terms and their
membership values and/or functions are also specified in
such rules by experts [18].

(b3) Fuzzy Inference Mechanism. The inference mechanism
uses the knowledge base and the rule base for inference and
derivation of decisions for given observed facts [18]. The
inference mechanism which we use in this paper is data
driven or forward chaining. Forward chaining is an inference
strategy that begins with a set of known facts, derives new
facts using rules whose premises match the known facts and
continues this process until a goal state is reached or until
no further rules have premises that match the known or
derived facts (Figure 5) [20]. For example, in this paper to
model evaluation procedure of employee’s knowledge capital
in a forward chaining rule-based expert system (Figure 5),
system’s rules are as follows.

We assert the following facts into the working memory as
supplied by sample company’s experts.

(i) Proportion of staff with a university degree is high.

(ii) Proportion of 30–50 age employees is medium.

(iii) Total training costs/total payroll expenses are high.
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Table 2: Fuzzy rule set for employee’s knowledge importance
degree.

K-2-1

IF Total training costs/total payroll expenses are very low

THEN
Employee’s knowledge are very unimportant for
company.

K-2-2

IF Total training costs/total payroll expenses are low

THEN Employee’s knowledge is unimportant for company.

K-2-3

IF Total training costs/total payroll expenses are medium

AND
Number of employees with a competency development
plan/total employees is low

AND
Number of employees being trained as project
managers/total employees is low

THEN
Employee’s knowledge is very unimportant for
company.

K-2-4

IF Total training costs/total payroll expenses are medium

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is low

THEN Employee’s knowledge is unimportant for company.

· · ·
K-2-5

IF Total training costs/total payroll expenses are medium

AND
Number of employees with a competency development
plan/total employees is low

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is unimportant for company.

K-2-6

IF Total training costs/total payroll expenses are medium

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is (F) for company.

K-2-7

IF Total training costs/total payroll expenses are high

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is important for company.

K-2-8

IF Total training costs/total payroll expenses are high

AND
Number of employees with a competency development
plan/total employees is high

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is important for company.

Table 2: Continued.

K-2-9

IF Total training costs/total payroll expenses are high

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is high

THEN Employee’s knowledge is important for company.

K-2-10

IF Total training costs/total payroll expenses are high

AND
Number of employees with a competency development
plan/total employees is high

AND
Number of employees being trained as project
managers/total employees is high

THEN Employee’s knowledge is very important for company.

K-2-11

IF Total training costs/total payroll expenses are very high

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is important for company.

K-2-12

IF Total training costs/total payroll expenses are very high

AND
Number of employees with a competency development
plan/total employees is high

AND
Number of employees being trained as project
managers/total employees is medium

THEN Employee’s knowledge is very important for company.

K-2-13

IF Total training costs/total payroll expenses are very high

AND
Number of employees with a competency development
plan/total employees is medium

AND
Number of employees being trained as project
managers/total employees is high

THEN Employee’s knowledge is very important for company.

K-2-14

IF Total training costs/total payroll expenses are very high

AND
Number of employees with a competency development
plan/total employees is high

AND
Number of employees being trained as project
managers/total employees is high

THEN Employee’s knowledge is very important for company.

(iv) Number of employees with a competency development
plan/total employees is medium.

(v) Number of employees being trained as project man-
agers/total employees is medium.

The system takes each rule in turn and checks to see if
its premises are listed in the working memory. When the
system finds matches for all the premises, it places the rule’s
conclusion in the working memory.
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Table 3: Inputs of fuzzy rule-based expert system for sample company.

Criteria Value Item Rating

Performance degree
Proportion of staff with a university degree is high

Employee’s
knowledge

Proportion of 30–50 age employees is medium

Importance degree
Total training costs/total payroll expenses are medium

Number of employees with a competency development
plan/total employees is medium

Importance degree
Employee’s
knowledge

Number of employees being trained as project
managers/total employees is medium

Performance degree
Number of patent claims is low

Human
capital

Employee’s
innovativeness

Number of new products introduced during the past 12
months/total products is medium

Importance degree Cost of research and development/total turnover is low

Performance degree
Proportion of generally satisfied employees is high

Satisfaction Number of day absence/total working days is low

Importance degree The response rate in staff satisfaction survey is high

Performance degree Employee’s
turnover rate

Number of employees leaving the company/total employees
is low

Importance degree Employees’ total number of seniority/total employees is fair

Performance degree
Market share rate

Company’s sales revenue from market/total sales revenue
available in market is high

Importance degree
Marketing initiative is of a considerable amount of
importance for the company

Performance degree
Customer loyalty

longevity of customer relationship is medium

Importance degree
Number of repeat customers buying the brand /total
customers is of a considerable amount of importance for the
company

Customer
capital

Performance degree Customer
satisfaction

Proportion of customers who are satisfied is high

Importance degree The five or ten customer’s proportion of total turnover is fair

Performance degree
Company considerably have close contact with customer
during specification of requirements

Customer
relationship

Company advising the customer considerably during the
entire process

Importance degree
Guests sometimes participate in company lunch buffet

Customer representatives sometimes participate at
company’s conferences

Performance and
Importance degree

Trademark
Company has a distinctive sign or indicator to distinguish its
products or services from those of other entities

Performance degree
Operation process

The proportion of procedures described or proportion of
instruction described is fair

Importance degree
Standard operating procedure is of considerable importance
for the company

Structural
capital

Performance degree Information
system

Proportion of updated knowledge documents on the intranet
is fair

Importance degree Its costs are high

Performance degree
Corporate culture

Employees are averagely identified with company’s
perspective

Importance degree
Having values, faith, and behavior criterions which are
approved and shared by all the staff is of considerable
importance for the company
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Figure 5: Forward chaining inference process [20].

From the initial information entered into the working
memory, the system concludes new information.

(1) Employee’s knowledge degree is good.

(2) Employee’s knowledge is important for company.

Since the proposed expert system is a fuzzy expert system
which uses linguistic variables, a fuzzy inference should be
used to evaluate employee’s knowledge capital.

Fuzzy Inference. The conjunctive combination of antecedent
memberships is executed and projected to the conclusion
part of each rule to determine the degree of membership on
its consequent [18]. In this paper, we used Mamdani type of
linguistic model inference as follows.

Step 1. The antecedent of each rule is evaluated. When the
antecedent of rule has more than one part, fuzzy intersec-
tions (t-norms) and fuzzy unions (t-conorms) are applied to
obtain a single membership value. Fuzzy intersection refers
to AND, that we interpret it by Yager t-norm in this paper.
Hence, intersection of two fuzzy sets A and B defined on X is
given as

µA∧B(X) = 1−min
(

1,
((

1− µA(x)
)p +

(
1− µB(x)

)P)1/P
)
.

(7)

Fuzzy union refers to OR, that we interpret it by Yager t-
conorm in this paper. So, union of two fuzzy sets A and B
defined on X is given as

µA∨B(X) = min
(

1,
(
µA(x)p + µB(x)P

)1/P
)
. (8)

Step 2. The consequent of each rule is given as a fuzzy set,
and the antecedent value has obtained in Step 1. To obtain a
new fuzzy set, we apply a fuzzy implication operator. We use
minimum operator which cuts the consequent’s membership
function (Figure 6).
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Figure 6: Obtaining each rule conclusion.
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Figure 7: Output result for employee’s knowledge performance.

Step 3. The outputs obtained for each rule are combined to
a single fuzzy set, using Yager s-norm (8).

The last subprocess in a fuzzy expert system is defuzzifi-
cation. The fuzzy value needs to be converted to a crisp value.

Defuzzification. The overall output fuzzy set is converted
into a crisp number on the base variable domain [18]. In this
model we used Yager defuzzification method (9).

Z =

∫

z

[
µA(z)

]w
zdz

∫

z

[
µA(z)

]w
dz

. (9)

For example, to define the performance degree of employee’s
knowledge, the fuzzy inference mechanism is as follows.

System 1. proportion of staff with a university degree is (1)
very low, (2) low, (3) fair, (4) high, and (5) very high.

Assume that a user chooses high, then system goes to
rules k-1-4 and k-1-5, for second premise of rules k-1-4 and
k-1-5.

System 2. Proportion of 30–50 age employees is (1) low, (2)
medium, and (3) high.

Assume that a user chooses medium. Using Mamdani
inference with Yager s-norm and t-norm, and the output is
as shown in Figure 7.
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Figure 8: Sample procedure for measuring employee’s knowledge with proposed fuzzy expert system.

By defuzzifying employee’s knowledge, performance
degree is 0.7038. Sample procedure for measuring employee’s
knowledge performance in proposed fuzzy expert system is
as shown in Figure 8.

(b4) User Interface. In many cases, the disappointing history,
that reasoning systems have had can be traced to a lack of
respect for the user. The successful systems strive to use oper-
ational techniques and decision processes with which users

are comfortable. Otherwise, frustrated users will shut the
system and quickly return to their old way of doing things.
The user interface must be at least able to display and update
system message or problem results comprehensibly [21]. In
the proposed expert system for evaluating intellectual capital,
a user is provided an interactive interface that acquires the
information about company through asking questions from
them. In Figure 9 a view of evaluation panel for employee’s
knowledge capital is shown.
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Figure 9: A view of the proposed model interface.

4. Case Study

To evaluate applicability of the proposed fuzzy expert system,
it is implemented in an industrial company which its activity
is to design, source, assemble, install, and commission
control systems, precision instrumentation, and electrical
systems for power plants as well as mining and process
industries. This company has a large number of experts in
different fields, and intellectual capital plays an important
role in it. Thus, using an expert system which helps managers
to handle and understand the status of intellectual capital
efficiently and effectively is of great importance in this
company.

Initially managers answer the questions asked by the
system to determine performance degree and importance
degree of each item using linguistic terms (shown in Table 3).

The Total performance of every element is produced by
multiplying performance degree by importance degree of
each element. Hence, the overall performance of intellectual
capital for a company is equal to the summation of all
elements’ total performance degree.

The overall degree of employee’s knowledge is 0.3593
which results by multiplication of performance degree and
importance degree of employee’s knowledge. According to
fuzzy sets on employee’s knowledge (similar to Figure 3),
0.3593 is a member of “Low” fuzzy set with 0.2035 mem-
bership value and is a member of “Medium” fuzzy set
with 0.7965 membership value. Thus, employee’s knowledge
capital of company is medium (0.7965 > 0.2035). Employee’s
performance or human capital performance is evaluated
through employee’s knowledge, employee’s innovativeness,
employee’s satisfaction, and employee’s turnover rate. Uni-
versity degree, age, training costs, and competency devel-
opment plan are used for evaluating employee’s knowledge.
Number of patent claims, number of new products intro-
duced during past 12 months, and cost of research and
development are used for evaluating employee’s innovative-
ness. By adding more factors into each item, employee’s
performance would be evaluated more precisely.

The overall performance degree of intellectual capital
which is summation of the crisp degree for each element is
equal to 3.7989 (scale 0–11. If all the intellectual items of

a company are in best degree, the overall performance of
intellectual capital will be 11).

All the previous work in assessing intellectual capital was
based on expert judgment of every intellectual item. Experts
evaluate every intellectual item using linguistic variables.
This kind of evaluation largely depends on expert’s concept
about intellectual items, which can lead to misevaluation in
many cases and finally unreliable results. So, it is better to
determine indicators which affect every intellectual item. In
this way, a set of rule sets is defined which links indictors to
each item, and by evaluating the indictors by experts, each
intellectual item is evaluated. The proposed expert system
in this paper uses a set of rules to evaluate company’s intel-
lectual capital items performance and provides companies
more reliable results which are independent of individual’s
judgment.

5. Conclusions and Future Works

In this paper, a fuzzy rule-based expert system is proposed
to reveal and evaluate overall performance degree of intel-
lectual capital. Through using the proposed expert system,
managers can understand the enterprise situation in every
item of intellectual capital even if they do not know exactly
what every item means, and they also understand whether
each item is important for them in decision making or not.
Moreover, using linguistic terms for items evaluation leads to
more accurate judgment. Recent proposed model [3] asked
expert the performance degree and importance degree of
each intellectual capital item. In this way, there is always
the risk that experts do not have a clear concept for every
item in mind and his/her judgments will be done with some
inaccuracy. Thus, using a fuzzy expert system which can help
experts to improve his/her judgments is useful.

A suggestion for future studies is concerned is with
different kinds of membership functions for linguistic terms
to find the best one. Finally, the model is seen as open for
future extension and development, especially extending the
expert system by adding more precise and detailed rules to
evaluate intellectual capital performance more accurately.
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This paper presents a novel fuzzy deterministic noncontroller type (FDNCT) system and an FDNCT inference algorithm (FIA).
The FDNCT uses fuzzy inputs and produces a deterministic non-fuzzy output. The FDNCT is an extension and alternative for the
existing fuzzy singleton inference algorithm. The research described in this paper applies FDNCT to build an architecture for an
intelligent system to detect and to eliminate potential fires in the engine and battery compartments of a hybrid electric vehicle. The
fuzzy inputs consist of sensor data from the engine and battery compartments, namely, temperature, moisture, and voltage and
current of the battery. The system synthesizes the data and detects potential fires, takes actions for eliminating the hazard, and
notifies the passengers about the potential fire using an audible alarm. This paper also presents the computer simulation results of
the comparison between the FIA and singleton inference algorithms for detecting potential fires and determining the actions for
eliminating them.

1. Introduction

A hybrid electric vehicle (HEV) propulsion system uses a
high-voltage battery and an engine. The engine is located in
front of the vehicle, and the battery is in the back. An HEV
is safe during normal operations. However, it can catch a fire
due to multiple conditions, namely, high temperature of the
engine, a broken battery, leaking fluids, malfunctioning fuel
tank, high temperature of exhaust manifolds, and abnormal
wear of the engine and battery. Accidents increase the
chances of fires. Therefore, it is important to understand the
conditions that lead to potential fires inside the engine and
battery compartments and take actions for eliminating the
impacts. The research described in this paper focuses on this
topic.

According to a recent publication of National Fire Protec-
tion Association (NFPA) [1], there have been nearly 287,000
vehicle fires between 2003 and 2007 in USA. The fires have
claimed numerous lives and caused property damage. Most
of the vehicle fires were due to automotive fluid leaks,
worn-out mechanical components, collisions, and electrical

failures. Engine compartment fires were about 86% of the
reported minor cases and 70% of the major cases. Engine
fires were mainly due to a fuel tank or fuel line malfunctions.
The high-voltage lithium-ion battery fire in a Chevy Volt
passenger HEV [2] is one of the recent examples of battery
fire incidents.

If the temperature and moisture in the engine compart-
ment are high, there is a possibility of a fire. A battery is one
of the main sources of energy in an HEV [3]. If the battery
is not operating efficiently during the charging process, the
voltage does not increase. This indicates a chemical imbal-
ance in the battery. If this pattern continues and the temper-
ature of the compartment increases, the battery could catch
fire. Fuel leaks and mismanaged energy management could
lead to engine fires in an HEV [4]. Excessive charging could
influence the explosion of the battery and a potential fire.
Therefore, it is important to detect and eliminate potential
fires automatically.

During a typical battery charge, voltage of the battery
increases at constant current input, and it decreases after it
reaches the peak voltage point. Typical wet-cell lead acid
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batteries have an operating temperature between 85◦F and
95◦F. They seem to degrade in performance if the tempera-
ture is greater than 125◦F. At this temperature, there is the
possibility of chemical imbalance and a potential fire hazard.

Based on the earlier discussions, the following data iden-
tifies potential fires: the temperature and moisture percent-
age of the engine compartment, temperature of the battery
compartment, voltage characteristics of the battery during
the charging process, and the characteristics of the current
charge and discharge of the battery. Sensors read data in the
engine and battery compartments.

The sensor readings over a period of time show different
patterns depending on the conditions of the engine and
battery compartments. The synthesis of the data is required
based on the time and pattern of the data. For example, in the
engine compartment, the rate of change of temperature may
increase, decrease, or stay at the same level for a particular
length of time. In this case, the intelligent system must moni-
tor the temperature readings over a time period from the
sensor and analyze the patterns to determine if a potential
fire condition exists. The rate of change can take values
that are greater than zero. In general, subject matter experts
express the data values in subjective terms, namely, low,
medium, and high values. There is no precise definition for
the values of low or high. Therefore, the traditional analytical
techniques lack approaches to handle subjective linguistic
terms. An intelligent system and a new approach are neces-
sary to collect the required data and synthesize them to detect
potential fires and take actions. Moreover, the system must
handle linguistic definitions of the rate of change of values.

Fuzzy logic [5] provides a reasoning mechanism for syn-
thesizing vague and uncertain linguistic parameters. In the
literature, fuzzy logic has been used to detect fires in dry bay
and the engine compartment of an aircraft [6, 7]. However,
they use either rule-based heuristics or analysis of histograms
and images. A network-based fire detection [8] is also in the
literature, but it is mainly for home automation systems.
The related work in [9, 10] uses the traditional Mamdani
fuzzy logic [11] approach for detecting fires. Most of all
the fuzzy logic applications in the literature seem to use the
Mamdani approach for designing a system for fire detection.
The Mamdani approach allows users to express fuzzy rules of
a system using linguistic terms. Therefore, the experts tend
to define the rules using natural language, and it increases
the complexity of a rule base. As the rule base increases, the
memory space and computations required to process them
increase. In addition, they all use output membership func-
tions for approximation, and it requires more memory and
computations.

A fuzzy noncontroller type of system processes fuzzy
inputs and produces a deterministic output. The output is
nonfuzzy, and it can have multiple deterministic values based
on the rules implication. This type of system is required for
detecting and eliminating potential fires in an HEV. This
paper proposes a novel Fuzzy Deterministic Noncontroller
Type (FDNCT) inference system and an algorithm. The
FDNCT must be simple with less memory and computation
requirements. It must minimize the complexity of future
rule modifications. In addition, it must aid in implementing

a FDNCT chip using simple architecture and minimal num-
ber of logic elements.

The work described in [12, 13] proposes rule reduction
approaches to achieve computational efficiency. On the other
hand, the authors seem to introduce complex algorithms for
reducing the rules and creating a new set of membership
functions from them. The approaches described in [12, 13]
complicate the subject matter experts to define new rules
or modify the existing rules. Conversely, singleton fuzzy set
approaches in [14, 15] provide a model for using real num-
bers in the consequent part of a fuzzy rule and let the fuzzy
inference approximate the output based on the combined
weighted average of all the rule antecedents. However, they
require defining multiple fuzzy singletons or real numbers
to obtain the results. The weighted averages may not be the
output the system is expecting to perform some actions.
Therefore, additional processing or memory is required
before using the output results. The approaches defined in
[16, 17] also follow the similar approximation approaches
and require defining multiple real numbers or fuzzy single-
tons. None of these approaches have approximation methods
for producing a deterministic output using one real number
or a fuzzy singleton, for example, outputting a deterministic
value of 0.25 or 0.5 depending on the implication of the
appropriate rule antecedents.

No simple approach exists in the literature, which is sim-
ilar to the proposed FDNCT for detecting a potential fire and
determining the actions for eliminating it. To fill that void
and the shortcomings of the approaches described in [14–
17], this paper provides the following novel contributions for
detecting and eliminating potential fires in the engine and
battery compartments of an HEV.

(i) FDNCT system and FDNCT inference algorithm
(FIA): the FDNCT and FIA processes fuzzy inputs
and produces a deterministic nonfuzzy output value.

(ii) Intelligent Detection System of Potential Fires
(IDSPF): architecture of the IDSPF based on the pro-
posed FDNCT system and FIA. The FIA produces
the deterministic values of initial, standby, spray, and
notify actions for the IDSPF.

The IDSPF has the following distinct features that differenti-
ate it from the existing literature described in [14–17].

(i) Subject matter experts always express rules using
the Mamdani approach, and the FDNCT system
approach organizes them for inference. Therefore,
there is no change for the experts for adding or modi-
fying rules.

(ii) Linguistic variables represent the rules output,
namely, initial (In), standby (St), and spray (Sp), but,
during the output approximation, the FIA produces
one real number depending on the implication of
rule antecedents. Sections 2 and 3 have the details.

(iii) The FIA is an extension and alternative for the exist-
ing fuzzy singleton inference algorithms described in
[14–17] methods. Sections 2 and 3 have the details.
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(iv) The FDNCT and FIA provide simple architecture
than the existing fuzzy singleton inference algorithms
described in [14–17] methods. The FIA aids in devel-
oping a FDNCT chip using the minimum number of
components (authors’ future work).

The IDSPF continuously monitors the engine and battery
compartments for the incidents of high-temperature, leaked
fluids (moisture) and abnormal voltages during charging of
the battery. It then synthesizes the data using FDNCT and
determines the actions required, namely, spray the fire-extin-
guishing agent, keep the sprayer in standby or initial mode,
and notify passengers using an audible alarm in the passenger
compartment. IDSPF executes the actions to eliminate a
potential fire.

The organization of the rest of the paper is as follows.
Section 2 presents the FDNCT system model and architec-
ture of the IDSPF. Section 3 describes the FDNCT inference
algorithm (FIA). Section 4 describes an example of an
FDNCT implementation. Section 5 presents the simulation
results of the IDSPF using FDNCT with respect to the single-
ton type of approaches of detecting potential fires. This paper
concludes in Section 6.

2. Intelligent Detection System of
Potential Fires (IDSPFs)

For explaining the proposed IDSPF and FDNCT, this paper
assumes rules and operating points of the engine and
battery compartments of an HEV. The actual rules and the
operation points of the implementation depend on the
expert knowledge about the situation where IDSPF and
FDNCT are applied. Each implementation can have different
operating ranges, but all follow the same approach proposed
in IDSPF and FDNCT.

This section describes the system architecture of the
proposed IDSPF in Section 2.1 and FDNCT system model
in Section 2.2.

2.1. IDSPF Architecture. Figure 1 shows the schematic of
the proposed IDSPF system architecture. Components of the
IDSPF are as follows:

(i) sensors (temperature (two sensors), moisture, volt-
age, and current),

(ii) spray jets (four),

(iii) wireless router,

(iv) intelligent fuzzy processing unit (IFPU):

(a) FDNCT system,

(b) data processor,

(c) data storage,

(d) notification/extinguishing processor,

(v) electronic alarm.

Figure 2 illustrates the process flow of the IDSPF.

(1) The following five sensors monitor the engine and
battery compartments every minute and send data to the
IFPU.

(i) engine compartment:

(a) temperature sensor,

(b) moisture sensor,

(ii) battery compartment:

(a) temperature sensor,

(b) voltage sensor on the battery,

(c) current sensor on the battery.

For faster temperature and moisture data acquisitions, a near
infrared type of detectors [18] can be used. However, this
paper does not suggest a type of sensors to use as long as the
sensors meet the following IDSPF assumptions:

(i) the IDSPF uses predetermined sensors and spray jet
types,

(ii) the moisture sensor sends data in percentages (%),

(iii) the placement and location of the sensors handle
various factors, namely, noise cancellation, ability to
withstand high-temperature environments, sustain
vibration and shock, and sense accurate data,

(iv) spray jets use predetermined fire-extinguishing
agents. It meets the Underwriters Laboratories (UL)
classifiers (http://www.ul.com/), namely, A for cloth,
B for flammable liquids and gases, C for live electrical
equipment, and D for combustible metals,

(v) sensors processes the signal data and converts to
numerical data,

(vi) sensors transmit data using wireless communica-
tions.

(2) The sensors/detectors communicate with the IFPU
using a Wireless Local Area Network (WLAN. The IFPU
receives data from the sensors at the Data Processor and
stores them in the Data Storage (e.g., an external hard drive or
physical memory device). Let Tec be the current temperature
reading from the engine, Mec be the current moisture reading
from the engine,Tbc be the current temperature reading from
the battery compartment, Vbc be the current voltage reading
of the battery, and Ibc be the present reading of the electric
current of the battery.

(3) The data processor calculates the rate of change of
each sensor data and stores them in the data storage every
two minutes. Let RTe be the rate of change of temperature
readings of the engine, RMe be the rate of change of moisture
reading from the engine, RTb be the rate of change of tem-
perature reading from the battery compartment, RVb be the
rate of change of voltage readings of the battery, and RIb be
the rate of change of readings of the electric current of the
battery.



4 Advances in Fuzzy Systems

Temperature
sensor

Current

Battery

Battery

Voltage

Engine

Engine

Moisture

Spray

Spray

Spray

Spray jet 3

jet 4

jet 2

jet 1 sensorsensor

sensor

compartment
compartment

Temperature
sensor

Passenger compartment

Intelligent fuzzy processing unit

Notification/
extinguishing

processor

Data
storage

FDNCT
systemData processor

Sensor
data (wireless)

Audible
notification

(alarm)

Wireless
router

Data

Control actions
for spray jets

Sensor
data (wireless)

Figure 1: A schematic of the IDSPF system architecture.

(4) The FDNCT system receives data from the data pro-
cessor and applies FIA. It sends an output back to the data
processor. The FDNCT system implements the proposed FIA.

(5) Based on the readings of the sensors, the data pro-
cessor interacts with the FDNCT system as follows.

(i) Send Tec and Mec to the FDNCT system and receive an
output decision Oc for the engine compartment.

(ii) Send Tbc, Vbc, and Ibc to the FDNCT system and
receive an output decision Oc1 for the battery com-
partment.

(iii) Send RTe and RMe to the FDNCT system and receive
an output decision Orc for the engine compartment.

(iv) Send RTb, RVb, and RIb to the FDNCT system and
receive an output decision Orc1 for the battery com-
partment.

The data processor normalizes the sensor readings data before
sending it to FDNCT system using the appropriate numbers
shown in Table 2.

(6) The data processor determines the appropriate actions
based on the values of Oc, Ooc1, Orc, and Orc1. The actions
are to keep the spray jets in their default state, spray the fire
extinguishing agent, keep the spray jets in a standby mode,
and alarm the passengers about a potential vehicle fire. The
deterministic output from the FDNCT system enhances the
decision process of the IDSPF to take actions quickly.

(7) The notification/extinguishing processor executes the
actions recommended by the data processor.

2.2. FDNCT System Model. The FDNCT is an extension and
alternative for the existing fuzzy singleton inference algo-
rithm described in [14–17]. The FDNCT system has a mod-
ified fuzzifier. The fuzzy inference of the FDNCT replaces
the singleton inference algorithm. This section describes the
proposed FDNCT system model used in the IDSPF for the
engine (1) and battery (2) compartments of an HEV. The
model is as follows:

Ri
en : if Te is Li and M is Mi then O is ki, (1)

where Ri
en is the ith rule of m rules, that is, (1 < i < m)

of a potential fire in the engine compartment. Te and M
are the normalized engine temperature and moisture sensor
data instance of the engine compartment, respectively. Li and
Mi are the associated linguistic input membership functions
or the fuzzy sets for the temperature and moisture data,
respectively, where i = 1 to 3, respectively. O is the output.
ki is the deterministic values i = 1 to 3, k1 = 1 (initial (In)),
k2 = 2 (standby (St)), k3 = 3 (spray (Sp)) if ki ≥ 2 (notify
(Nt)):

Ri
ba : if Tb is Ai and I is Bi, and V is Ci, then O is ki,

(2)
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Figure 2: An outline of the IDSPF operation process.

Table 1: Unique number per unique output linguistic variable.

Variable Assigned number

In 1

St 2

Sp 3

Table 2: Normalization maximum numbers.

Variable Maximum number Variable Maximum number

Te 225 RTe 100

M 100 RM 100

Tb 125 RTb 100

V 13 RV 13

I 5 RI 5

where Ri
ba is the ith rule of m rules, that is, (1 < i < m)

of a potential fire inside the battery compartment. Tb, I ,
and V are the normalized engine temperature, current, and
voltage sensor data instance of the battery compartment,
respectively. Ai, Bi, and Ci are the associated linguistic input
membership functions or the fuzzy sets where i = 1 to 3,
respectively. O is the output. ki is deterministic values i = 1
to 3, k1 = 1 (initial (In)), k2 = 2 (standby (St)), k3 = 3 (spray
(Sp)) if ki ≥ 2 (notify (Nt)).

The IDSPF uses both the rate of change of input values
(normalized) and the actual values (normalized) to deter-
mine the correct actions for a potential fire event

Li =Mi = Ai = Bi = {low, medium, high
}

,

Ci = {no change, decrease, increase
}
.

(3)

To simplify computation and to reduce processing, the
linguistic input membership functions use a triangular cha-
racteristic curve. Figure 3 illustrates the triangular mem-
bership characteristic curve. The membership functions of
temperature, current, and moisture inputs use the simple
linguistic terms, namely, low, medium, and high. However,
the names for the voltage variable are decrease, increase, and
no change. In Figure 3, s, c, and e on the x-axis are the start,
center, and end range of a fuzzy set, respectively. μF(a) on the
y-axis is the membership grade, and a is the input value to be
fuzzified. The membership grade of a is zero at s and e, but at
c the membership grade of a is 1. The values between s and
e have different grades of membership based on the position
of a and the triangle.

Unlike the approaches in the literature, the FDNCT uses
no output membership functions or singletons, but the input
membership functions are represented in (3) as fuzzy sets.
Table 4 illustrates the normalized ranges used for the mem-
bership functions. Figure 4 illustrates the membership curves
for the inputs, namely, Te, Tb, and I . Figure 5 illustrates the
membership curve for the input, namely, V .
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Table 3: FDNCT example values.

Variable Normalized μ1 μ2 μ3 max μ Index Coefficient

Te 0.71 0 0.26 0.28 0.28 2 2

M 0.75 0 0.15 0.38 0.38 3 3

Tb 0.68 0 0.35 0.2 0.35 2 2

V 0.6 0 0.58 0 0.58 2 1.5

I 0.77 0 0.09 0.43 0.43 3 2.5

Table 4: Range values of input membership functions.

Input fuzzy set/membership
function name

Normalized range values

s c e

Low, no change −0.4 0 0.4

Medium, decrease 0.1 0.5 0.8

High, increase 0.6 1 1.4

Table 5: Rules developed using the Mamdani approach for the
engine compartment.

Te (temperature)
M (moisture)

Low Medium High

Low ln ln St

Medium ln St Sp

High ln St Sp

Before fuzzifying the inputs, the input values are normal-
ized based on the maximum numbers for a given variable
as shown in Table 2. The fuzzifier of the FDNCT maps the
nonfuzzy inputs of Te, Tb, M, I , and V into their suitable
membership grades based on (3), Table 4, Figures 4 and 5.
This process is known as fuzzification. The process uses (4)
for calculating the membership grades:

μF(a) = {0 | a ≤ s or a ≥ e}
= {1 | a = c}

=
{
a− s

c − s
| s ≤ a ≤ c

}

=
{
s− a

c − s
| c ≤ a ≤ e

}
.

(4)

Fuzzy inference process of the FDNCT depends on the
if-then rules defined in (1) and (2). Subject matter experts
express the rules of potential fire detection and the action for
eliminating them using Mamdani approach. For simplifying
the rules, linguistic names are provided for each of the
expected output, namely, In for the initial status of the
sprayer, St for keeping the sprayer in standby mode, Sp for
spraying the fire extinguishing agent from the sprayer, and
Nt for sending alarm notification for the passengers. Tables
5 and 6 represent the Mamdani rule sets for the engine and
battery compartments, respectively. The Mamdani approach
requires defining membership functions for each output.
The singleton model approaches in the literature use real

µ
F

(a
)

s e
a

c

1

0.75

0.5

0.25

Figure 3: A triangular membership characterization curve.

numbers as the outputs, but they are not deterministic
outputs. In contrast with the existing singleton model in
the literature, the proposed FDNCT system uses no output
membership function, instead it calculates the deterministic
output value ki based on the implication of the rules in a
novel way using FDNCT inference algorithm (FIA). Section 3
describes the FIA for the engine and battery compartments to
determine the deterministic output value ki.

3. FDNCT Inference Algorithm (FIA)

This section describes the proposed FIA. The model is
expressed as shown in (5). Let k be the expected output of
the FDNCT system, J be the output matrix based on the m
rules of the FDNCT system, xi be the ith row number of the
output of the J matrix, and yi j be the jth column number of
the ith row of the output of the J matrix, where i = 1 to n
rows and j = 1 to m columns of the output matrix J . The
FIA assumes that rule implication aggregation uses fuzzy OR
operator:

k = J
(
xi, yi j

)
. (5)

The value of xi can be calculated using (6). Let I1 be the
value of the first input variable of the FDNCT system and μp1

and ap1 be the corresponding membership grade and output
coefficient of the pth linguistic input membership function
(fuzzy set), respectively, where p = 1, 2, . . . ,n linguistic input
membership functions of the first input variable. The value
of μp1 can be calculated using (4).

Let V be the vector of membership grades (μ) of
membership functions of the 1st input variable and Va

be the vector of output coefficients of the corresponding
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Table 6: Rules developed using the Mamdani approach for the battery compartment.

Tb (temperature)

I-V (current and voltage)

Low,
increase

Low,
decrease

Low,
no change

Medium,
increase

Medium,
decrease

Medium,
no change

High,
increase

High,
decrease

High,
no change

Low ln ln St ln ln St ln ln St

Medium ln St Sp ln St Sp ln St Sp

High St St Sp St St Sp St St Sp
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Figure 4: Input membership characteristic curves for the inputs Te, Tb, and I .
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Figure 5: Input membership characteristic curve for the input V .

membership functions. Let z be the index of maximum μ,
that is, μmax 1 (8) of the 1st input variable in V

xi = Va(z), (6)

V
(
p
) =

(
μp1(I1)

)
, (7)

μmax 1 = max
(
V
(
p
))
. (8)

The value of yi j can be calculated using (9). Let Il be the
value of lth input variable of the FDNCT system where l = 2
to X inputs, μpl and apl be the corresponding membership
grade and output coefficient of the pth linguistic input mem-
bership function (fuzzy set) of the lth input, respectively,
where p = 1, 2, . . . ,n linguistic input membership functions.
The value of μpl can be calculated using (4).

Let Wl be the vector of membership grades (μ) of
membership functions of the lth input. Let Wal be the vector
of output coefficients of the corresponding membership

functions of the lth input. Let zl be the index of maximum
μ, that is, μmax l (11) of the lth input in Wl:

yi j =
X∑

l=2

Wal(zl), (9)

Wl
(
p
) =

(
μpl(Il)

)
, (10)

μmax l = max
(
Wl(1),Wl(2), . . . ,Wl

(
p
))
. (11)

The FIA implementation procedure is as follows.

Step 1. Arrange fuzzy if-then rules in a matrix format as
shown in Tables 5 and 6. Let J be the n × m output matrix
consisting of all the outputs for the unique combinations of
the membership functions, where n is the number of rows
and m is the number of columns. As shown in Table 6,
the assumption is that J can have only one linguistic input
membership variable associated with an output per row and
multiple linguistic input variables per column. The experts
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Table 7: Battery compartment rule matrix with numerical outputs, linguistic inputs, and output coefficients.

Tb (temperature)
I-V (current and voltage)

1 1 1 2 1 3 2 1 2 2 2 3 3 1 3 2 3 3

[0.5] [0.5] [0.5] [1.5] [0.5] [2.5] [3.5] [0.5] [3.5] [1.5] [3.5] [2.5] [6.5] [0.5] [6.5] [1.5] [6.5] [2.5]

1 [1] 1 1 2 1 1 2 1 1 1

2 [2] 1 2 3 1 2 3 1 2 3

3 [3] 2 2 3 2 2 3 2 2 3

express linguistic variables as low, high, increase, and so
forth.

Step 2. Identify unique linguistic outputs in J and assign
unique numbers starting from 1. Let λ be the total number of
unique outputs. Tables 5 and 6 illustrate the result of this step
for the outputs as shown in Table 1. Replace all the linguistic
output variables in J with the assigned unique numbers
1, 2, 3, . . . , λ. Let αi j be the assigned output number for the
ith row and jth column of J .

Step 3. For each input in J , assign a unique number to each
unique linguistic input variable using an increment of one
starting from one. Table 7 illustrates an example assignment.

Step 4. Let ϑj be the total number of linguistic input variables
in the jth column that have no output coefficients and θj
be the total number of linguistic input variables that have
output coefficients. Let ai be the output coefficient of a lin-
guistic input variable, where i is 1 to θj . Determine delta
output coefficient ξj using (12) and assign it to all the lin-
guistic input variables that have no output coefficients in
the jth column. If any of the remaining columns have any
linguistic input variables in the same positions as the jth
column, then assign their output coefficients with the output
coefficients of the corresponding linguistic input variables in
the jth column. For example, assume that the 1st column
has low and high linguistic input variables and 0.33 and
1.35 are the output coefficients of low and high linguistic
variables, respectively. Assume that 3rd column has low and
medium, and 4th column has medium and high linguistic
input variables. In this situation, the low variable in 3rd
column gets 0.33, and the high value in the 4th column gets
1.35. Repeat Step 4 for all the remaining columns to make
sure all the linguistic input variables have output coefficients.
After performing all the assignments, the final matrix looks
as shown in Figure 6 and Table 7:

ξj = j −∑θj
i=1 ai

ϑj
| j = 1, 2, 3, . . . ,m columns. (12)

Step 5. Let ϑk be the total number of linguistic input variables
in the kth row that has no output coefficients and θk be the
total number of linguistic input variables that have output
coefficients. Let ai be the output coefficient of a linguistic
input variable where i is 1 to θk. Determine delta output
coefficient ξk using (13) and assign it to all the linguistic
input variables that have no output coefficients in the kth
row. Since a row can have only input variable, repeat Step 5

1
 (1)

2
(2)

3
(3)

1 (1) 1 1 2

2 (2) 1 2 3
3 (3) 1 2 3

Unique numbered
input linguistic variables

Output coefficients

Unique numbered
outputs

Unique numbered
input linguistic variables

M (moisture)

T
e

(t
em

pe
ra

tu
re

)

Figure 6: Engine compartment rule matrix with numerical out-
puts, linguistic inputs, and output coefficients.

for all the remaining rows to make sure that all the linguistic
input variables have output coefficients. After performing all
the assignments, the final matrix looks as shown in Figure 6
and Table 7:

ξk = k −∑θk
i=1 ai

ϑk
| k = 1, 2, 3, . . . ,n rows. (13)

Step 6. As shown in (14), let N be the total number of
inputs of an FDNCT system. Let Ii be the vector of all
the numerically assigned linguistic input variables of the
ith input (Step 3), where i = 1, 2, 3, . . . ,N . Let λi be the
total number of linguistic input variables of the ith input.
Let ai be the output coefficient of the ith linguistic input
variable. Based on (14), the engine and battery compartment
linguistic input variables of the IDSPF can be represented as
(15) and (16), respectively. We have

Ii(N)(N) = (1, 2, . . . , λi)(a1, a2, . . . , aN ) | i = 1, 2, 3, . . . ,N ,
(14)

ITe(3) = (1, 2, 3)(1, 2, 3),

IM(3) = (1, 2, 3)(1, 2, 3),
(15)

ITb(3) = (1, 2, 3)(1, 2, 3),

II(3) = (1, 2, 3)(0.5, 3.5, 6.5),

IV (3) = (1, 2, 3)(0.5, 1.5, 2.5).

(16)

The output matrix J (Figure 6 and Table 7), (15), and
(16) serve as the knowledge for inferring the output of an
FDNCT system in the IDSPF. The following equations serve
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as the FIA engine: (4), (5), and (9). Section 4 describes the
application of FIA using an example.

4. FIA Example

This section describes the application of FIA using an exam-
ple of the inputs of IDSPF.

Example 1. We have the following steps.

Step 1. Let Te is 160◦ Fahrenheit, M is 75%, Tb is 85◦ Fahren-
heit, I is 3 amperes, and V is 10 volts. Normalize the inputs
by dividing the value of the inputs using the appropriate
number shown in Table 2 and rounding it to two decimal
points. The table expresses the maximum operating point per
variable used in the IDSPF implementation. The normalized
values are as follows:Te = 0.71,M = 0.75,Tb = 0.68, I = 0.6,
V = 0.77.

Step 2. Calculate the μ of each input value using (4) for
all its corresponding input membership functions. Find the
maximum value of μ value for each input, and find the
associated output coefficients from (15) and (16). The calcu-
lated values are as shown in Table 3.

Step 3. Based on the values of the coefficient column in
Table 3, the FDNCT output values of the engine and battery
compartments can be calculated using (5). From Table 3,
the inputs of the engine compartment are Te and M. The
corresponding output coefficients are xi = 2 and yi j = 3;
based on (5) and Figure 6 the value of k is 3; that is, spray
the sprayer, and since k is >2, send the alarm notification
to the passenger compartment. Similarly, for the battery
compartment, xi = 2 and yi j = 1.5 + 3.5 = 5 (5th column).
Based on (5) and Table 7, the value of k is 2; that is, keep the
sprayer in the standby mode.

5. Simulation Results

The authors simulated the performance of the FIA and sin-
gleton approaches using a computer software, namely, Mat-
lab and Simulink, and a set of normalized input data for the
engine and battery compartments. Table 8 illustrates a small
set of the bigger set of sample data used for the simulation.
The data is generated using the random() function in the
Matlab library. In the future work, a fuzzy chip will be imple-
mented to test the approach in a real set up.

Figure 7 illustrates the performance of the FDNCT over
singleton approach for one sample data over 20 iterations of
the engine compartment of an HEV. The FDNCT takes at
an average of 0.09 seconds to perform one action for the
engine compartment, whereas the singleton approach takes
an average of 0.12 seconds. The FDNCT approach reduces
approximately 25% of time than that of the singleton
approach.

Figure 8 illustrates the performance of the FDNCT over
singleton approach for one sample data over 20 iterations
of the battery compartment of an HEV. The FDNCT takes
an average of 0.11 seconds to perform one action for the

Table 8: Sample data snapshot used for the engine and battery com-
partments.

Tb/Te M, I V

0.08 0.14 0.14

0.16 0.27 0.27

0.18 0.32 0.32

0.18 0.32 0.32

0.18 0.32 0.32

0.25 0.44 0.44

0.31 0.54 0.54

0.35 0.62 0.62

0.38 0.67 0.67

0.40 0.70 0.70

0.40 0.70 0.70

0.38 0.67 0.67

0.35 0.61 0.61

0.30 0.53 0.53

0.25 0.43 0.43

0.18 0.32 0.32

0.18 0.32 0.32

0.11 0.19 0.19

0.03 0.05 0.05

Te : engine temperature, Tb : battery temperature, I : battery current, and V :
battery voltage.
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Figure 7: Elapsed time for executing one data sample for the engine
compartment using the FDNCT and singleton approach.

battery compartment whereas the singleton approach takes
an average of 0.19 seconds. The FDNCT approach reduces
approximately 42% of time more than that of the singleton
approach.

The main benefits from the FDNCT approach are to
develop a fuzzy chip with minimizing the number compo-
nents, and to produce deterministic outputs with a simple
and minimum number of fuzzy rules. The elapsed time
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FDNCT and singleton approach.

advantage of the FDNCT over the singleton approach is
secondary.

Figure 9 illustrates the action outputs using the FDNCT
and singleton approach for 20-sample data of the battery
compartment of an HEV. The FDNCT outputs deterministic
values whereas the singleton approach outputs nondeter-
ministic values. The FDNCT has crisp outputs when com-
pared to singleton approach. The deterministic outputs are
necessary for the noncontroller type of applications. Similar
results were obtained for the engine compartment simu-
lation too. Based on Figure 9, it is seen that the FDNCT
approach takes spraying actions (i.e., action output = 3) for
iterations numbers 6 through 17. However, the singleton
approach takes a very different action for each of the itera-
tions, and it never takes the spraying action throughout the
simulation. The singleton approach seems not to detect a
potential fire even if the potential fire situation exists.

6. Conclusion

The IDSPF is a noncontroller type of system that uses fuzzy
inputs and produces a deterministic output. The IDSPF uses
the consequent parts of the fuzzy rules as a detection of
a potential fire and the deterministic output as an action
for eliminating the potential fire. For noncontroller type of
systems, when compared with the fuzzy singleton approach,
the FDNCT and FIA provide simple solutions with a reduced
number of computations. The FDNCT produces a deter-
ministic output without using an output fuzzy set or a mem-
bership function. The FIA and FDNCT work well with most
of the noncontroller type applications that use fuzzy inputs
and require a deterministic output. The FIA is an exten-
sion and alternative to the fuzzy singleton algorithm. The
weighted average approach of the traditional Mamdani sin-
gleton method requires more processing and is more time
consuming as the number of fuzzy rules increases. Therefore,
the proposed FDNCT and FIA provide a system and an algo-
rithm that requires less storage space and are more efficient
to synthesize fuzzy inputs and to produce a deterministic
output.

The authors of this paper intend to implement IDSPF
and develop an FDNCT fuzzy chip using a hardware descrip-
tion language (HDL) in their future work. The new approach
allows using minimal.

Disclaimer

Reference herein to any specific commercial company, prod-
uct, process, or service by trade name, trademark, manufac-
turer, or otherwise does not necessarily constitute or imply
its endorsement, recommendation, or favoring by the United
States Government or the Department of the Army (DoA).
The opinions of the authors expressed herein do not neces-
sarily state or reflect those of the United States Government
or the DoA and shall not be used for advertising or product
endorsement purposes.
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This study examines the problems of reduction of individual’s efficiency in his/her respective working places because of road
traffic noise pollution in Agartala due to rapidly growing vehicular traffic. This paper deals with monitoring and modeling of the
disturbances caused due to vehicular road traffic interrupted by traffic flow conditions on personal work performance. Total of
two hundred seventy individuals from different road side Government Offices, Private Organizations and Commercial Business
Centres on both sides of busy roads of the city were interviewed for attitudinal responses. Traffic volume count and noise indices
data were collected simultaneously at six selected sites of the city. A relationship was developed between different traffic noise
parameters and its harmful impact on work competency of individuals using MATLAB. Regression equations developed to predict
the percentage of high annoyance among the individuals are fit based on noise parameters and parameters related to traffic
movements. In addition, statistical analysis was also carried out between measured and predictive values of the percentage of
highly annoyed group of individuals. The present model will draw the attention of the State Government and will help the policy
maker to take the necessary steps to reduce this problem.

1. Introduction

Noise pollution [1] is a significant environmental problem in
rapidly developing built-up cities like Agartala. Traffic noise
[2] is probably the most rigorous and pervasive type of noise
pollution. Traffic noise has become a serious problem nowa-
days because of inadequate urban planning of the city in the
past. Homes, schools, offices, hospitals, commercial business
centers, and other community buildings were routinely built
close to the main roads of the municipality without buffer
zones or adequate sound proofing. The problem has been
compounded by increases in traffic volumes (two wheelers,
heavy motor vehicles, and other vehicles) far beyond the
expectations of our early urban planners. This alarming
increase in the volume of traffic is actually inversely related
to the degradation of the environment [3]. Noise pollution

is one of the major environmental pollutants that are
encountered in daily life and has direct effects on human
performance. Sound pressure is a basic measure of the
vibrations of air that makes up sound, and because the
range that the human listeners can detect is very wide,
these levels are measured on the logarithmic scale with units
of decibel (dB). Agartala, capital of Tripura, is a relatively
medium-large urban city, situated in the North-Eastern
region of India, is located at 23.50◦N and 91.5◦E. As per
2011 census, the population of Agartala city has exceeded
5,12,000 (Agartala Municipality Statistics, provided by the
AMC (Agartala Municipal Council) at the Government of
Tripura website.)

1.1. Objectives of the Study. The objectives of the study were
as the following.
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(i) To assess the impact on human work efficiency due
to road traffic parameters, different noise indices, and
attitudinal response.

(ii) To study the temporal pattern of road traffic in the
study area.

(iii) To study the existing status of noise levels in the
study area by recording the noise intensity at various
locations.

(iv) Identification and consideration of suitable mitiga-
tion and abatement measures.

For this, the study was conducted at three levels. The
first level predicts the percentage of high annoyance (%HA)
among the individuals in terms of various noise indices
like day-night noise level (Ldn), traffic noise Index (TNI),
equivalent noise level (Leq), and maximum equivalent noise
Level (Lmax). The second level describes the percentage of
high annoyance (%HA) in terms of average traffic volume,
percent of two wheelers, percent of heavy vehicles, and mean
traffic speed. The third level describes the percentage of
high annoyance (%HA) based on Quis model. All of the
three models mentioned above are regression models. In the
statistical analysis part, the correlation coefficients between
the observed values and the values obtained by three models
are calculated separately. We also studied the goodness of
fit between the observed and the estimated values obtained
from the three models individually using paired t-test. The
t-statistics are given by

t = d

S/
√
n− 1

, (1)

where d and S denote, respectively, the mean and standard
deviation of the differences di, that is, d = ∑

di/n; S2 =
∑

(di − d)
2 =∑d2

i /n− (
∑
di/n)2. Under the null hypothesis

that the means of the observed and the expected data are
equal, the statistic follows t-distribution with (n− 1) degrees
of freedom.

1.2. Review of the Literature. Recent researches clearly
demonstrate that road traffic noise has been the predominant
source of annoyance; no other single noise has been of
comparable importance. It is due to the large number of
automotive vehicles in comparison with other machines.
In India, few studies on a traffic noise level have been
carried out in different cities like Calcutta, Delhi, Bombay,
Visakhapatnam, Baroda, Anantpur, Asansol, and so forth
[4–9]. In international arena, recent works on the traffic
noise assessment have been carried out in different cities like
Alexandria, Tehran, and so forth [10, 11].

1.3. Scope and Structure of the Study. The study presents
the problem of this noise pollution in terms of road traffic.
The study starts with a background cover of noise pollution,
its effect among the individuals, and the literature review
with similar works around the world and also in India.
The main portion of the work includes monitoring by
field data collection method, prediction by modeling, and

Database

Fuzzifier Inference engine Defuzzifier

Rule base

Figure 1: Structure of fuzzy expert system.

identification of the spread and distribution of the data. The
present study was developed to collect environmental data in
relation to road traffic noise by methods of monitoring and
storing them for further retrieval, editing, and analysis and
promoting their use for the best possible purpose.

2. Fuzzy Modeling

The concept of fuzzy modeling was originally proposed [12]
and developed further by other researchers [13, 14]. The
model proposed by [15] is based on the collections of IF-
THEN rules with both fuzzy antecedent and consequent
predicates. The advantage of this model is that the rule base
is generally provided by an expert. Hence to a certain degree
it is transparent to interpretation and analysis. The fuzzy
system is an expert knowledge-based system that contains
the fuzzy algorithm in a simple rule-based. As depicted
in Figure 1, a fuzzy system is composed of four parts:
fuzzifier, knowledge base, inference engine, and defuzzifier.
The fuzzifier converts real-valued inputs into fuzzy values.
The knowledge base includes fuzzy rule base and database.
Membership functions of the linguistic terms are contained
in the database. The inference engine calculates fuzzy output
from fuzzy inputs using fuzzy implication function, and
finally the defuzzifier yields a real-value output from the
inferred fuzzy output [16].

3. Survey Techniques

Sound level meter, model SL-4001, was used to measure the
noise level. The range and sensitivity of the instrument is
from 30 dB (A) to 80 dB (A), 50 dB (A) to 100 dB (A), and
80 dB (A) to 130 dB (A) with accuracy [+ or −] 5% (web
reference) [17]. The noise level was recorded from road
side offices, organizations, and commercial business centers
which are at distances depending on location of the building
from the center of the road, located at different places
of Agartala. Motor vehicular traffic-prone selected sites of
the town are Office Lane, Mantri Bari Road, Ronaldsay
Road, Akhaura Road, Hari Ganga Basak (H.G.B.) Road, and
Central Road which are representatives of the entire urban
areas. All these sites have their unique characteristics that is,
having a typical road width, roadside building pattern, and
traffic flowing pattern in different directions. At each selected
sites, noise levels have been measured at six different spots. At
each spot, the measurements were taken at an interval of 2 hrs
during day time (8 AM–8 PM). During the measurements in
a particular slot, the average of 5 frequent readings noted at
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Figure 2: Fuzzy model for expert system.

Table 1: Input variables and output variable with their fuzzy values.

System’s
variable

Linguistic
variables

Linguistic
values

Fuzzy
intervals

Input

Noise level

L: low 35–55 dB (A)

M: medium 50–70 dB (A)

H: high 65–85 dB (A)

VH: very high 80–100 dB (A)

EH: extremely high 95–115 dB (A)

Noise duration
Short 0–8 hour

Medium 7–16 hour

Long 14–24 hours

Output Annoyance

ES: extremely small 0–0.2

VS: very small 0.15–0.35

S: small 0.30–0.50

M: medium 0.45–0.65

H: high 0.60–0.80

VH: very high 0.75–0.95

EH: extremely high 0.9–1

a pause of 30 sec is taken as the representative of the noise
level of that slot. To the perception about the noise and its
significance on work performance, a representative sample
of 270 individuals was interviewed for attitudinal responses
in the city.

4. Methodology and Materials

The methodology used in the design of the present fuzzy
expert system is explained by the following algorithm.

(i) The present fuzzy system has two input variables and
one output variable as shown in Figure 2; only those inputs,
which affect the output to a large extent, have been selected.

(ii) The input variables and output variable with their
linguistic values and fuzzy intervals are shown in Table 1.

(iii) By using MATLAB, a total of 15 relationships (IF-
THEN rules) between input and output variables are formed.
These rules are illustrated as the following.

(1) If (Noise level is Low) and (Noise duration is Short)
then (Effects on Human work efficiency is Extremely
Small).

(2) If (Noise level is Low) and (Noise duration is
Medium) then (Effects on Human work efficiency is
Very Small).

(3) If (Noise level is Low) and (Noise duration is Long)
then (Effects on Human work efficiency is Small).

(4) If (Noise level is Medium) and (Noise duration is
Short) then (Effects on Human work efficiency is
Very Small).

(5) If (Noise level is Medium) and (Noise duration is
Medium) then (Effects on Human work efficiency is
Small).

(6) If (Noise level is Medium) and (Noise duration is
Long) then (Effects on Human work efficiency is
Medium).

(7) If (Noise level is High) and (Noise duration is Short)
then (Effects on Human work efficiency is Small).

(8) If (Noise level is High) and (Noise duration is
Medium) then (Effects on Human work efficiency is
Medium).

(9) If (Noise level is High) and (Noise duration is Long)
then (Effects on Human work efficiency is High).

(10) If (Noise level is Very High) and (Noise duration
is Short) then (Effects on Human work efficiency is
Medium).

(11) If (Noise level is Very High) and (Noise duration is
Medium) then (Effects on Human work efficiency is
High).

(12) If (Noise level is Very High) and (Noise duration is
Long) then (Effects on Human work efficiency is Very
High).

(13) If (Noise level is Extremely High) and (Noise dura-
tion is Short) then (Effects on Human work efficiency
is High).

(14) If (Noise level is Extremely High) and (Noise dura-
tion is Medium) then (Effects on Human work
efficiency is Very High).

(15) If (Noise level is Extremely High) and (Noise dura-
tion is Long) then (Effects on Human work efficiency
is Extremely High).

(iv) Finally, through questionnaire the attitudinal
response of individuals has been collected and shown in
Figure 3 (pie chart).

4.1. Noise Level Standards. The Central Pollution Control
Board (CPCB) has notified ambient air-quality standards
for noise (which has been included as an air pollutant
under Section 20 of the amended Air Act of 1987) [18].
The permissible noise levels in commercial, residential, and
silence zones during the day time are given in Table 2. The
silence zone is defined as an area up to 100 m around such
premises as hospitals, educational institutes, and courts. The
use of vehicle horns, loud speakers, and bursting of crackers
is to be banned in such zones.

The identified location for the field studies and their
location code are placed in Table 3.

Various common noise percentile values L10,L50,L90,Leq,
and Lmax were recorded (using Sound Level Meter, model SL-
4001) for the estimation of Ldn and TNI. The TNI is a method
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Table 2: Ambient noise standards prescribed by CPCB.

Silence zone (low congested) Residential area (medium congested) Commercial area (heavy congested)

Office Lane
Mantri Bari Road

Ronaldsay Road
Akhaura Road

Hari Ganga Basak Road
Central Road

Permissible noise level: 50 dB (A) Permissible noise level: 55 dB (A) Permissible noise level: 65 dB (A)

Table 3: Identified locations for the field studies.

Location place Location code

Office Lane L1

Mantribari Road L2

Ronaldsay Road L3

Akhaura Road L4

H.G.B. Road L5

Central Road L6

Tiredness
Fatigue
Headache

Stress

efficiency
Effect on individuals’ work

Figure 3: Attitudinal response of individuals.

used for the estimating annoyance responses due to traffic
noise and is computed using the following formula [19]:

TNI = 4(L10 − L90) + (L90 − 30), (2)

where L10 = level of sound exceeded for 10% of the total time
of measurement and L90= level of sound exceeded for 90% of
the total time of measurement.

While the Ldn is a 24-hour average noise level used to
define the level of noise exposure on a community, it can be
calculated by the following formula [20]:

Ldn = 10 log
{

1
24

[
15
(

10Ld/10
)

+ 9
(

10Ln + 10
)

10
]}

, (3)

where Ld = equivalent noise levels during day time and Ln =
equivalent noise levels during night time.

Different traffic characteristics like traffic volume count
including percentage of two wheelers, percentage of heavy

motor vehicles, the percentage of other vehicles, and average
traffic speed were also recorded. A comprehensive, yet brief-
structured, questionnaire was made to find information
about traffic noise traits and its effects on exposed indi-
viduals. For data collection a “Simple Random Sampling”
technique was used on the local area population of the
selected sites of the city. 45 individuals were selected at
each site for Random Sampling Questionnaire and total 270
individuals (persons working at the business centers and
offices of the identified sites) were interviewed at six selected
locations. Traffic noise levels and traffic volume count were
also recorded at identifying locations.

5. Results and Discussion

The study area is subjected to problems encountered due
to pressure of rapidly increasing and unplanned traffic
volume. The roads in the study area have been observed
to be overflown with voluminous traffic throughout the
day. The results of observation and field data are analyzed
and discussed in this section. Through questionnaire, the
attitudinal response of individuals has been collected and it is
clear that they are facing some major problems like headache,
effect on work efficiency, less concentration, fatigue, stress,
and tiredness during the time period 8 AM–8 PM (Figure 3,
pie chart).

Table 4 shows that the average noise level at Office Lane
ranged between 67.82 and 73.28 dB (A).

Table 5 indicates that the noise level at Mantri Bari Road
recorded between 68.33 and 72.23 dB (A).

The average noise level at Ronaldsay Road recorded
between 76.65 and 80.56 dB (A) and the average noise level
ranging between 77.06 and 79.73 dB (A) at Akhaura Road are
shown in Tables 6 and 7, respectively.

The average noise level ranging between 86.98 and
92.15 dB (A) at Hari Ganga Basak Road and 88.12 and
92.86 dB (A) at Central Road are shown in Tables 8 and 9,
respectively. Use of horns and traffic congestion is the main
cause of noise pollution in these areas.

Table 10 shows that the percent of high annoyance
among the targeted individuals due to road traffic were
between 23.57 and 30.12; Ldn value ranged between 72.52
and 75.98; Lmax (instantaneous sound level) was ranged
between 76.80 and 97.68, whereas TNI was ranged between
91.75 and 95.88. High noise levels and annoyance values were
due to overpopulated road ways with bad conditions, broken
roads, minimal traffic management, and frequent misuse of
horns at all the selected sites. Improper stoppage of public
transportation facilities also increases the congestion level.
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Table 4: Noise levels in dB (A) at Office Lane.

Sl. no. I II III IV V VI Average Max. Min.

1 70.9 72.8 80.5 78.2 65.1 72.2 73.28 80.5 65.1

2 68.1 65.6 75.2 70.5 67.4 71.6 69.73 75.2 65.6

3 74.2 68.1 62.3 71.5 66.5 73.5 69.35 74.2 62.3

4 68.2 74.3 75.6 77.3 64.4 70.2 71.66 77.3 64.4

5 60.4 68.7 72.6 62.3 76.4 66.5 67.82 76.4 60.4

6 72.2 76.2 65.6 68.7 73.4 68.2 70.72 65.6 73.4

Table 5: Noise levels in dB (A) at Mantri Bari Road.

Sl. no. I II III IV V VI Average Max. Min.

1 73.2 81.3 67.1 62.2 72.1 77.5 72.23 81.3 62.2

2 65.6 76.2 68.3 65.4 75.5 72.2 70.53 76.5 65.4

3 70.1 76.4 68.5 71.2 63.4 70.2 69.96 76.4 63.4

4 74.5 66.1 70.5 71.2 68.8 67.5 69.77 74.5 66.1

5 62.4 68.2 72.8 76.5 67.6 65.5 68.83 76.5 62.4

6 64.3 72.5 62.2 68.4 74.2 68.4 68.33 74.2 62.2

Table 6: Noise levels in dB (A) at Ronaldsay Road.

Sl. no. I II III IV V VI Average Max. Min.

1 79.2 70.2 81.5 76.5 72.2 80.3 76.65 81.5 70.2

2 76.5 83.4 80.1 70.8 75.5 78.2 77.42 83.4 70.8

3 82.3 78.2 86.5 80.2 74.3 76.5 79.66 86.5 74.3

4 78.3 85.5 77.2 82.1 76.1 84.2 80.56 85.5 76.1

5 72.1 76.5 78.2 78.7 82.2 81.2 78.15 82.2 72.1

6 80.2 76.7 82.1 80.7 72.4 77.1 78.20 82.1 72.4

Table 7: Noise levels in dB (A) at Akhaura Road.

Sl. no. I II III IV V VI Average Max. Min.

1 80.1 72.2 70.1 81.2 82.2 76.6 77.06 82.2 80.1

2 68.2 76.2 82.2 78.5 83.4 80.2 78.12 83.4 68.2

3 86.3 78.5 80.7 74.5 77.2 81.2 79.73 86.3 74.5

4 74.5 82.2 78.1 80.2 76.1 84.3 79.23 84.3 74.5

5 82.3 81.5 78.3 68.7 80.3 76.1 77.80 82.3 68.7

6 77.2 84.1 74.3 80.1 72.2 78.7 77.76 84.1 72.2

Table 8: Noise levels in dB (A) at Hari Ganga Basak Road.

Sl. no. I II III IV V VI Average Max. Min.

1 89.2 83.4 78.5 92.1 86.2 98.5 87.98 98.5 78.5

2 86.2 92.6 82.1 97.4 94.2 100.4 92.15 100.4 82.1

3 90.5 81.2 91.5 97.6 96.6 88.7 91.02 97.6 81.2

4 80.1 87.1 94.5 86.7 101.5 90.2 90.02 101.1 80.1

5 85.1 90.5 98.2 88.2 92.2 82.1 89.38 98.2 82.1

6 92.4 88.1 95.2 84.5 78.2 83.5 86.98 95.2 78.2

Using different sets of independent variables, three
predictive models were developed for the calculation of the
percentage of high annoyance among the individuals’ in
their respective working place. In the first set of data, noise-
related factors like Ldn, TNI, Leq, and Lmax were used as

independent variables and a regression equation was given
as follows:

% HA1 = 0.097871Ldn + 0.277972Lmax − 0.16978TNI

+ 0.209855 Leq − 0.987358.
(4)
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Table 9: Noise levels in dB (A) at Central Road.

Sl. no. I II III IV V VI Average Max. Min.

1 87.5 86.3 80.2 96.5 94.1 88.2 88.7 96.5 80.2

2 92.2 84.1 90.1 98.2 102.5 90.1 92.86 102.5 84.1

3 82.8 93.2 86.1 85.4 90.2 97.5 89.2 97.5 82.8

4 90.1 97.2 88.2 80.4 96.1 100.5 92.08 100.5 80.4

5 86.5 92.1 78.3 95.1 90.5 98.7 90.2 98.7 78.3

6 92.2 82.5 90.1 86.6 94.1 83.2 88.12 94.1 82.5

Table 10: Description of various parameters collected at each selected location.

Site
Traffic Sample High Noise indices, dB (A)

condition Size annoyance % Leq Ldn Lmax TNI

L1 Low congested 45 24.45 58.12 72.52 76.80 94.82

L2 Low congested 45 23.57 59.52 73.96 79.05 94.58

L3 Medium congested 45 26.46 62.34 75.15 83.53 95.68

L4 Medium congested 45 28.42 61.86 72.87 87.26 91.35

L5 Heavy congested 45 28.17 63.82 75.32 97.68 93.38

L6 Heavy congested 45 30.12 63.56 75.98 97.28 94.45

Table 11: Calculation of percentage of high annoyance (using
regression equation (4)).

Site
Percentage of high annoyance

(using regression equation (4))

L1 23.56

L2 24.66

L3 26.42

L4 27.88

L5 31.08

L6 30.79

And using the regression equation (4) and Table 10, the
percentage of high annoyance was calculated and shown in
Table 11.

In the second case, average vehicles per hour (Q), percent
of heavy vehicles (Qh), percent of 2-wheeler (Q2w), and mean
vehicular speed (Vs) were used as independent variables in
regression analysis. The developed equation was given as
follows:

% HA2 = 34.232521 + 0.004705Q + 0.389752 Qh

− 0.086476 Q2w − 0.532284 Vs.
(5)

The percentage of high annoyance calculated by using (5)
was shown in Table 12.

Also the percentage of high annoyance was calculated by
using Quis model [3] as given below:

% HA3 = 0.24(Ldn − 42) + 0.0277(Ldn − 42)2, (6)

where, Ldn = day-night equivalent noise levels and is shown
in Table 13.

Predicted values %HA were calculated using both regres-
sion models (i.e., (4) and (5)) and compared with observed
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Figure 4: Relation between output variables (Effect on work
efficiency) and input variables (Noise Level and Noise Duration).

values (collected from field survey). Further, observed values
were also compared with the conventional Quis Model and
the detailed results of statistical analysis for three models
were shown in Table 14.

By fuzzy expert system and with the help of Table 1 and
MATLAB 7.8.0., Mesh diagram (Figure 4) has been drawn,
which represents the relationship between input variables
and output variable.

5.1. Discussion on Findings. To evaluate the impact of
road traffic noise on target individuals, the perception
cum attitudinal study was conducted using a questionnaire
method at six locations along with acoustic measurements.
A total of 270 respondent’s data was used for the analysis.
Annoyance with the existing noise environment, as expressed
by individuals at each site, was associated with the noise
intensities in such a way that it was possible to predict the
level of annoyance by taking into account the mean sound
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Table 12: Calculation of percentage of high annoyance (using regression equation (5)).

Site
Average vehicles

per hour (Q)
Percent of heavy

vehicles(Qh)
Percent of

2-wheeler(Q2w)
Mean vehicular speed

(Vs)
high annoyance %

(using regression equation (5))

L1 236 23.4 34.4 28.1 26.51

L2 215 24.9 35.8 27.6 27.18

L3 352 26.8 38.5 26.6 28.77

L4 390 24.4 37.2 25.7 28.66

L5 416 27.1 38.4 24.6 30.38

L6 438 25.8 40.1 25.3 29.40

Table 13: Calculation of percentage of high annoyance (using
regression equation (6)).

Site
Percentage of high annoyance

(using regression equation (6))

L1 33.80

L2 35.96

L3 33.12

L4 41.36

L5 45.03

L6 38.74

levels. The relationships were evaluated using correlation
regression modeling. The important findings of this exercise
are given hereunder.

(i) The consultations with doctors and analysis of audio-
gram results indicate that the most prevalent prob-
lems among those tested include irritation, headache,
tinnitus, and sleeplessness, which ultimately have
effects on human work efficiency on his/her respec-
tive working places.

(ii) It has been observed that all the three models show
moderate-to-high degree of correlation between the
observed value and estimated value. The noise-based
model yields the highest correlation (r2 = 0.77); the
vehicular-based model gives the correlation (r2 =
0.66) and predicted with Quis model with input data
from present study demonstrated moderate to low
association, with modest predictability capacity. On
the other hand the statistical t-test of goodness of fit
reveals that the noise-based model fits the observed
data with high probability while the other two models
fail to fit the observed data at 5% level of significance.
The summarized detail shows that all the models
can predict the annoyance level within the acceptable
limits in comparison to observed noise annoyance
with a certain degree of error.

(iii) In the case of noise-based model, the r2 value of
0.77 is acceptable. This model would predict the
annoyance of community with better accuracy and
is acceptable for this study area. This also provides
evidence for the fact that annoyance among the

individuals is more related to the noise levels, rather
than traffic flow.

(iv) Fuzzy expert system (Table 1) and the correlation
coefficient (r2 = 0.77) of noise-based models indicate
that in the present study the traffic noise highly affects
human work efficiency in Government offices, pri-
vate organization, and commercial business centers
in Agartala city.

Moreover, few important findings are summarized
below, based on the study of transportation characteristics
in the study area.

(i) The vehicle composition in the study area is very het-
erogeneous with a significant load of heavy vehicles
like trucks, trailers, and buses. They produce high
noise pollution and also cause traffic jams in the
intersections.

(ii) Traffic management is inadequate for smooth flow of
vehicles in the study area. Many intersections have
no signals and those present are in nonfunctional
state. Thus, manual efforts by traffic police is the
only source of movement control of the vehicles. This
mostly gives rise to frequent congestions and high
noise pollution.

(iii) All the selected six sensitive locations are not identi-
fied by “No-Horn” or “Silence Zone” signboards.

(iv) In the absence of flyovers, all the vehicles including
the heavy ones have to pass through the narrow inner
town roads. The plying of the heavy-diesel powered
trucks and carrier vehicles causes severe degradation
of the road’s edges and pavements and generates the
most noise.

5.2. Analysis of the Output. From Figure 3 it is apparent
that disturbances in individuals’ work efficiency due to
road traffic noise are a common response to almost all of
them. Figure 4 shows that the road traffic noise plausibly
affects human efficiency in his/her respective working places
of the selected six locations at various degrees. Tables 4–
9 also illustrate that the minimum, maximum, and the
average traffic noise level at Office Lane, Mantri Bari Road,
Ronaldsay Road, Akhaura Road, H.G.B. Road, and Central
Road, respectively. Tables 10–13 describe expected results of
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Table 14: Comparison of various models using statistical analysis.

Statistical parameters paired t-test (0.05 level) Noise-based model Vehicular-based model Quis model

Mean 27.39 28.48 38.00

SD 2.84 1.32 4.22

Hypothesized value 0 0 0

t-statistical 0.78 2.51 7.45

P(T≤ t) one tail 0.204 0.619 4.28

r2 0.77 0.66 0.54

three regression models. Statistical analysis is discussed in
Table 14.

6. Conclusion

This research study is based on the expected relation-
ship between traffic noise and its effect on human work
efficiency in his/her respective working places. From the
survey and findings it is evident that road traffic noise
affects human work efficiency at Government Offices, Private
Organizations, and Commercial Business Centers beside the
busy main roads. Collected data were compared with the
regression models developed by different sets of independent
variables. The hypothesis was also tested using t-test in
order to examine the goodness of fit between the observed
annoyance level and its expected level for each of the three
models separately. It can be concluded that the model
based on noise indices gives a significantly acceptable high
correlation coefficient values. The summarized detail shows
that all the models can predict the annoyance level among
the individuals’ is within the acceptable limits in comparison
to observed noise annoyance with a certain degree of error.
The difference between the observed level of annoyance and
its expected value obtained from noise-based level is not
significant at 5% level. There are a number of such locations
in the State Tripura facing the same problems. The present
model will draw the attention of the State Government and
will help the policy maker to take necessary steps to reduce
this problem so that the respective works in Government
Offices, Private Organizations, and Commercial Business
Centers can run smoothly. The investigation technique along
with the database and outputs will be helpful for the
town administrator and planners for the effective traffic
management and noise control in the area.
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Modern military ranging, tracking, and classification systems are capable of generating large quantities of data. Conventional
“brute-force” computational techniques, even with Moore’s law for processors, present a prohibitive computational challenge, and
often, the system either fails to “lock onto” a target of interest within the available duty cycle, or the data stream is simply discarded
because the system runs out of processing power or time. In searching for high-fidelity convergence, researchers have experimented
with various reduction techniques, often using logic diagrams to make inferences from related signal data. Conventional Boolean
and fuzzy logic systems generate a very large number of rules, which often are difficult to handle due to limitations in the processors.
Published research has shown that reasonable approximations of the target are preferred over incomplete computations. This paper
gives a figure of merit for comparing various logic analysis methods and presents results for a hypothetical target classification
scenario. Novel multiquantization Boolean approaches also reduce the complexity of these multivariate analyses, making it possible
to better use the available data to approximate target classification. This paper shows how such preprocessing can reasonably
preserve result confidence and compares the results between Boolean, multi-quantization Boolean, and fuzzy techniques.

1. Introduction

There are anecdotes that, during the Gulf war era, many
pilots would turn off the Radar Warning Receivers, because
they picked up too many false-positives. Likely, due to the
limited onboard processing capabilities and technology of
the 1990s, many systems could not complete the target
classification processing assignment in the given radar duty
cycle. Certainly a lot of advancements have been made
since the 1990s. And, as evidenced by Moore’s law on
processors, what was possible then is several orders of
magnitude eclipsed in today’s onboard processors. However,
many applications [1], like airborne or other platform-
based surveillance, routinely pipe sensor data to a command,
control, and communications facility, where data is analyzed
and decisions rendered. With the sophistication of today’s
military theater scenarios, such decision delay can be costly.
So improvements in onboard data processing are imple-
mented. And this paper examines the result confidence using
various logic and reduction techniques.

To start, a simple range and track problem is used [2].
The object is to find the distance to target using a time-of-
flight (TOF) approach. The sensor sends a pulse to the target,
and, using time delay, calculates the distance. The distance is
calculated as speed divided by time. This is illustrated in a
simple Boolean table (Table 1). This illustrates that we can
get inaccurate results, if some of the key assumptions or
input data are wrong. For instance, if it is an acoustic sensor,
then, “speed” is affected by atmosphere density, and “time”
accuracy is limited by the quantization in the electronics.
Depending on the accuracies required, the researcher [3]
can invest in better control (or model) of the environment
or electronics that is, more sensors and thus more data—to
improve calculated distance accuracy. Table 2 compares the
Boolean and Fuzzy truth tables for such a TOF sensor.

In this paper, we will expand the simple ranging problem
to that of target recognition in a cluttered visual scene [4].
The problem is similar, in that the algorithms extract key
parameters from the data and use that to determine target
type. The specifics of the feature extraction algorithm are
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Table 1: Boolean truth table representation for a TOF range finder
(binary truth table).

Speed Time Distance

Accurate Accurate Correct

Accurate Inaccurate Wrong

Inaccurate Accurate Wrong

Inaccurate Inaccurate Wrong

Table 2: A Boolean and fuzzy truth table TOF detector.

(a) Boolean

Speed Time Distance

1 1 1

1 0 0

0 1 0

0 0 0

(b) Fuzzy

Speed Time Distance

1

0

0

0

not pertinent, nor are the actual dataset used for illustration.
What we show in this paper is that, using binary quantization
techniques, it is possible to converge to an approximate
answer and that such convergence reasonably preserves the
answer fidelity. The technique is illustrated with a full-fuzzy
solution of the data, followed by a 5-level, 3-level, and a true
Boolean reduction of the data.

2. Logic Analysis

In a typical ranging system, a stream of pulses are sent to
target of interest. The sensor gets a discrete (temporally sepa-
rated) sequence of detections (“hits”) on a given target. Each
detection is of a finite, typically quite short, duration. From
each detection is extracted a given collection of attributes
about that hit. The attributes typically include detection
time, position, and reflected intensity, as well as various
statistical moments and other mathematical features of the
detection. The goal of these detections, is typically to identify
(detect and classify) the target of interest and its trajectory. By
successfully tracking the target in motion, knowledge of the
target can usually be substantially improved, since repeated
detections of the moving target provide a greater volume of
information and allow aggregate, track-based, statistics to
also be used. The target classification problem is to match
characteristics about the target against a set of known target
signatures The correlation calculation then yields the proper
classification.

With this as motivation, let us return to the simple
problem of measuring the distance to a fixed object. A
Boolean decision can be derived from a truth table. And,
for the simple problem, such a truth table was shown above
in Table 1. Basically, if there is accurate time and speed
information, then calculated distance is accurate. In this
section we examine how accurate is “accurate” and then
what can be done to improve confidence that the calculated
distance is accurate. We look at the problem in determining
the time and factors affecting accuracy in TOF algorithms.
and look at speed and factors affecting the assumption that
the speed is accurate.

The likelihood of accurate speed data and likelihood of
accurate time data can be thought of as a distribution, and
this distribution can be used in a fuzzy truth table to calculate
distance. The details are not presented herein [6], but are
illustrated in a comparative truth table.

And, using a modern processor, given the speed and time
information, the Boolean computation time is in microsec-
onds. If we do the same calculation using the MATLAB
fuzzy logic tool kit, with appropriate Gaussian probability
functions, again, given the speed and time information and
likelihoods, the computation times are comparable.

Now we expand the problem to a multidimensional
target identification problem. Let us consider an example of
a cluttered video image, and we need to find and classify the
target in the scene. The image attributes include distance (to
target), aspect ratio of target, vertical pixel height of target,
area (in pixels) covered by target, target luminosity, dark
area in the image, the surrounding luminosity, and edge
pixels. The object is to classify the target (type) and assess
the time taken to complete this chore. Reproduced from [5],
is, Table 3, showing rows of such data. The data is used for
illustration purpose only and is used in calculations only to
illustrate the comparison between full neurofuzzy analysis,
versus what target classification confidence we can achieve
using Boolean or fuzzy techniques. The details of Neurofuzzy
techniques are not reproduced here [7], but, as background,
the ANFIS toolkit in MatLab and Verimax analysis using
MiniTab are employed. (ANFIS is the adaptive neurofuzzy
inference system. Deployed in MatLab is the Sugeno fuzzy
model, where all output membership functions are singleton
spikes, and the implication and aggregation methods are
fixed. The implication method is simply multiplication, and
the aggregation operator just includes all of the singletons.
The Sugeno method is ideal for acting as an interpolative
supervisor of multiple linear controllers that apply different
operating conditions of a dynamic nonlinear system. A
Sugeno system is also suited for modeling nonlinear systems
by interpolating multiple linear models.) And, as we know
[7], the Boolean and fuzzy approaches increase the linguistic
rules as the number of input vectors increases. A neurofuzzy
approach allows a more compact and computationally
efficient representation and lends itself to adaptive schemes.
And, where there is no intuitive knowledge of input vector
behaviors or relationships to the output, these adaptive
techniques in turn help create the entire fuzzy network for
us [8].
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Table 3: Data reproduced from [5].

Target number Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts Search time

Type m Ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 4007 0.71 10 141 14 17 29 9571 14.6

1 2998 0.82 11 225 21 10 27 8927 15.2

2 3974 0.71 13 173 20 24 28 9138 12.4

3 5377 0.05 5 49 18 23 30 8970 29.8

2 1013 0.52 50 2708 19 5 34 8706 2.8

4 3052 0.00 11 100 12 18 30 8755 6.4

5 5188 0.41 9 76 18 23 28 9053 26.7

6 3679 0.12 10 96 12 20 26 8620 10.0

2 860 1.00 54 3425 9 1.5 40 8961 2.7

4 1951 0.85 16 332 15 11 27 8572 2.8

3 3992 0.79 11 154 20 19 26 9194 11.9

6 1041 0.74 24 1645 11 4 35 9074 2.5

7 2145 0.98 17 553 8 5 18 8280 3.7

3 1998 0.76 19 659 20 10 22 8739 8.1

2 4410 0.00 11 101 22 18 29 9404 12.4

1 2893 0.42 16 320 12 7 23 8670 2.5

5 1933 0.98 13 368 15 12 23 8606 4.8

1 1850 0.96 28 876 3 4 9 8464 2.8

8 1045 0.09 26 985 19 10 12 8613 12.3

2 1933 0.95 22 867 16 11 27 8376 2.8

7 4206 0.00 9 79 26 29 38 9506 15.1

1 5722 0.88 7 73 38 40 46 9044 25.6

4 4920 0.42 8 61 20 21 36 8618 12.1

6 4206 0.81 9 142 18 12 21 9152 8.0

5 2348 0.94 9 198 18 21 30 8504 5.5

1 3992 0.88 11 217 15 14 26 9078 7.8

9 4410 0.96 11 247 16 8 19 9397 9.6

8 2321 0.83 15 458 22 21 47 8365 5.1

5 3661 0.76 9 84 17 25 23 8807 7.5

3 3670 0.00 13 192 14 15 27 8483 6.1

7 1671 1.00 19 893 15 13 31 8959 3.5

4 4345 0.81 8 63 15 12 20 9021 12.3

2 3662 0.57 10 203 26 25 44 8702 5.4

5 633 0.71 50 4403 20 5 39 8741 2.5

3 492 0.07 57 3045 20 16 23 8992 2.2

4 1497 0.78 16 560 10 7 20 9014 5.8

5 1041 1.00 33 1613 17 5 32 8486 2.6

1 2891 0.99 19 486 12 12 35 9021 12.1

7 5147 0.93 5 81 18 27 34 9075 34.9

6 1648 0.59 18 648 23 7 37 9070 2.7

8 948 0.73 35 1463 18 5 38 8790 3.7

7 3662 0.41 12 188 19 25 39 8524 5.8

6 2900 0.00 17 340 20 10 49 8791 4.1

2 5136 0.00 10 79 25 16 27 8941 10.6
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Table 4: Verimax analysis using MiniTab tool to calculate covariance between input vectors.

Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts

Distance 1 −0.24 −0.79 −0.72 0.37 0.72 0.06 0.41

Aspect −0.24 1 0.08 0.12 −0.24 −0.25 −0.08 −0.10

Vert −0.79 0.08 1 0.95 −0.19 −0.58 0.07 −0.19

Area −0.72 0.12 0.95 1 −0.14 −0.53 0.15 −0.13

Target lumn 0.37 −0.24 −0.19 −0.14 1 0.62 0.52 0.25

Dark area lumn 0.72 −0.25 −0.58 −0.53 0.62 1 0.32 0.22

Surround lumn 0.06 −0.08 0.07 0.15 0.52 0.32 1 0.04

Edge pts 0.41 −0.10 −0.19 −0.13 0.25 0.22 0.04 1

Table 5: ANFIS function analysis using the MATLAB toolkit.

CORR TRMS STD MAD EWI ERR

2 factors 0.77 5.73 3.60 5.35 14.92 13.44

3 factors 0.56 6.65 5.81 6.21 19.11 20.52

4 factors 0.46 7.59 14.39 7.09 29.62 16.55

5 factors 0.22 21.11 32.05 19.70 73.63 58.87

6 factors 0.71 6.92 10.46 6.46 24.13 18.03

7 factors 0.84 3.31 4.83 3.09 11.39 8.05

Original 0.87 2.84 4.40 2.65 10.02 7.38

Looking at Table 3, for this example, we quickly see
that there are 9 target types and that there is little intuitive
correlation between input vectors and target type or time
taken to classify the target. Heuristic methods and expert
knowledge (described in [9]) exploit a priori knowledge to
make inferences and help cluster the vectors and reduce
system size by eliminating some inputs.

Using the Verimax analysis in MiniTab, we calculate in
Table 4, the correlation between vectors and see that vert
(number of vertical pixels) and area (area covered by target
in pixels) data is strongly correlated.

There are other inferences that can also be made [9].
But none that allows a simple determination of logical
connections. Employing the neurofuzzy ANFIS function
from the MatLab toolkit, we see in Table 5 that, for this
example, it is possible to get up to 87% confidence in target
classification [10], relying on the full dataset.

The terms as used by MiniTab are as follows

CORR stands for the correlation between the original
output and the estimated output from the fuzzy
neural system using the data from each method.

TRMS stands for the total root mean Square for
the distance between the original output and the
estimated output using the same testing data through
the fuzzy neural system:

TRMS =
∑n

i=1

√(
xi − yi

)2

n− 1
, (1)

where xi is the estimated value and yi is the original
output value.

STD stands for the standard deviation for the dis-
tances between the original output and the estimated

output using the same testing data through the fuzzy
neural system.

MAD is the mean of the absolute distances between
the original output and the estimated output using
the same testing data through the fuzzy neural system

EWI is the index value from the summation of
the values with multiplying the statistical estimation
value by its equally weighted potential value for each
field.

ERR stands for the error rate which is expressed as

ERR =
n∑

i=1

(
E(i)−O(i)

E(i)
× 100

)
, (2)

where n is the number of testing data, E(i) is the
estimated output, and O(i) is the actual output.

And further analysis of the data in Table 3, using
the Factor toolkit in MiniTab, shows that this confidence
(correlation) degrades as we reduce the input matrix, by
selectively removing high correlation vectors. This forms our
baseline.

3. Boolean Reduction Techniques

To simplify the classification computations, we wanted to
see if reducing the raw data to Boolean would degrade
data quality, and, if so, to what level. We started with a 5-
level quantization of the raw data (Table 6) and evaluated
the correlation factors (Table 7). Then, we looked at 3-level
quantization of the raw data (Table 8) and the correlation
factors (Table 9). Finally, we did a true Boolean operation
on the raw data (Table 10) and looked at correlation factors
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Table 6: Sample data from [5] reduced to pentalevel quantization.

Target number Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts Search time

Type m Ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 3 3 0 0 1 2 2 4 1

1 2 4 0 0 2 1 2 2 1

2 3 3 0 0 2 2 2 3 1

3 4 0 0 0 2 2 2 2 4

2 0 2 4 3 2 0 3 1 0

4 2 0 0 0 1 2 2 1 0

5 4 2 0 0 2 2 2 2 3

6 3 0 0 0 1 2 2 1 1

2 0 4 4 3 0 0 3 2 0

4 1 4 1 0 1 1 2 1 0

3 3 3 0 0 2 2 2 3 1

6 0 3 1 1 1 0 3 3 0

7 1 4 1 0 0 0 1 0 0

3 1 3 1 0 2 1 1 1 0

2 3 0 0 0 2 2 2 4 1

1 2 2 1 0 1 0 1 1 0

5 1 4 0 0 1 1 1 1 0

1 1 4 2 0 0 0 0 0 0

8 0 0 2 1 2 1 0 1 1

2 1 4 1 0 1 1 2 0 0

7 3 0 0 0 3 3 3 4 1

1 4 4 0 0 4 4 4 2 3

4 4 2 0 0 2 2 3 1 1

6 3 4 0 0 2 1 1 3 0

5 1 4 0 0 2 2 2 0 0

1 3 4 0 0 1 1 2 3 0

9 3 4 0 0 1 0 1 4 1

8 1 4 0 0 2 2 4 0 0

5 3 3 0 0 1 3 1 2 0

3 3 0 0 0 1 1 2 0 0

7 1 4 1 0 1 1 2 2 0

4 3 4 0 0 1 1 1 2 1

2 3 2 0 0 3 3 4 1 0

5 0 3 4 4 2 0 3 1 0

3 0 0 4 3 2 1 1 2 0

4 0 3 1 0 0 0 1 2 0

5 0 4 2 1 1 0 2 0 0

1 2 4 1 0 1 1 3 2 1

7 4 4 0 0 2 3 3 3 4

6 1 2 1 0 2 0 3 3 0

8 0 3 2 1 2 0 3 1 0

7 3 2 0 0 2 3 3 0 0

6 2 0 1 0 2 1 4 1 0

2 4 0 0 0 3 1 2 2 1
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Table 7: MiniTab correlation matrix of pentalevel quantization of data.

Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts

Distance 1 −0.21 −0.75 −0.57 0.40 0.68 0.14 0.38

Aspect −0.21 1 0.01 −0.06 −0.32 −0.19 −0.04 −0.05

Vert −0.75 0.01 1 0.90 −0.20 −0.59 −0.02 −0.24

Area −0.57 −0.06 0.90 1 −0.02 −0.40 0.12 −0.09

Target lumn 0.40 −0.32 −0.20 −0.02 1 0.57 0.49 0.18

Dark area lumn 0.68 −0.19 −0.59 −0.40 0.57 1 0.34 0.16

Surround lumn 0.14 −0.04 −0.02 0.12 0.49 0.34 1 0.01

Edge pts 0.38 −0.05 −0.24 −0.09 0.18 0.16 0.01 1

(Table 11). In all instances, for this example, the basic data
properties were reasonably preserved. The various data tables
are listed.

Table 11 shows the Verimax analysis when we employ
Boolean relationships to determine the correlation functions.

In all instances, the general correlation similarities
between vectors are approximately preserved. And, again,
vert and area vectors (highlighted) have high correlation.
Figure 1 shows the correlation value as raw data is succes-
sively quantized, and how, even at binary quantization, there
is still 80% correlation between these two data values.

Clearly, many of the correlations are preserved, and the
data is easier to handle in embedded processors. Thus, for
an initial start, simple Boolean quantization of the raw data
provides a reasonable estimate as compared to the full dataset
fuzzy inferences.

4. Proposed Algorithm

Figure 2 shows the proposed algorithm, on how to imple-
ment the reduced computation schema, and consists of the
following steps.

Assume there are n by p matrix with p−1 input variables
and one output.

(1) Calculate the correlation matrix, R, between variables
of dataset and the inverse matrix of the correlation
matrix, R−1. This number Cij serves two purposes,
first to establish a baseline to evaluate the fidelity of
the Boolean reduction technique and the other to
identify high correlation variables for reduction.

(2) If it is possible to reduce the data matrix, then, select
the number of reduced factors, m, for m < p, using
step (1), where the accumulated variance is greater
than 0.9 (arbitrary).

(3) Recalculate the correlation matrix to baseline of the
new Cij value.

(4) Iteratively, quantize the dataset and calculate cor-
relation to verify data fidelity. In this example, 5-
level, 3-level, and binary quantization was chosen,
but the reduction technique can be applied to any
quantization level, including directly reducing the
dataset to binary.

(5) Evaluate the Cij degradation, and decide if the
quantization is of adequate fidelity.

(6) Use Boolean decision diagrams or other similar
Boolean techniques to calculate solution.

The selection of Cij value to determine adequate correlation
at 0.9 is based on experience. For this example, the small
variety in targets and adequate orthogonality in the sensor
data stream, allow setting a low cross-correlation number
for dataset reduction. Similarly for determining of adequate
data fidelity remains after data quantization, the Cij value to
0.8 is selected based on experience. Users can certainly tweak
the parameters to suit the specifics of the application.

5. Conclusion

Target detection and target classification in battle field
cluttered images and in computationally limited systems are
a growing problem. As more sensors are deployed, more data
is available, and this strains available computation capacity,
especially in embedded processor applications. In general,
neural network algorithms are capable of solving the multi
variate problem, if sufficient compute capability and/or time
is available. These neural networks are used for recognizing
the patterns of the system with adapting and training the
system itself with given conditions. The fuzzy inference
systems are generated by the human knowledge database
using membership functions for decision making. The
integration of those two techniques produces one optimized
method by compensating each other and utilizing human
knowledge database and if-then rules of fuzzy logic. This
means that the neurofuzzy technique [11, 12] is performed
by applying learning algorithms of neural networks for
parameter identification of fuzzy models. Lacking that,
developers seek either reduction of the data size and/or
other computational schemes that simplify the problem. In
this paper, we showed that, using a simple cross-correlation
calculation, it is easy to identify data orthogonality and
thereby reduce matrix order. A rule of thumb guide can
be used to evaluate when such reduction is affecting the
data integrity. Then, by successive quantization techniques,
one can come to a Boolean dataset that still approximates
the original data, with a known degradation in fidelity.
This Boolean data can then be solved using binary decision
diagrams, to yield a set of solutions approximate to the
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Table 8: Sample data from [5] reduced to trilevel quantization.

Target number Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts Search time

Type m Ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 2 2 0 0 0 1 1 2 1

1 1 2 0 0 1 0 1 1 1

2 1 2 0 0 1 1 1 1 0

3 2 0 0 0 1 1 1 1 2

2 0 1 2 1 1 0 1 0 0

4 1 0 0 0 0 1 1 1 0

5 2 1 0 0 1 1 1 1 2

6 1 0 0 0 0 1 1 0 0

2 0 2 2 2 0 0 2 1 0

4 0 2 0 0 0 0 1 0 0

3 2 2 0 0 1 1 1 2 0

6 0 2 1 1 0 0 1 1 0

7 0 2 0 0 0 0 0 0 0

3 0 2 0 0 1 0 0 1 0

2 2 0 0 0 1 1 1 2 0

1 1 1 0 0 0 0 1 0 0

5 0 2 0 0 0 0 1 0 0

1 0 2 1 0 0 0 0 0 0

8 0 0 1 0 1 0 0 0 0

2 0 2 0 0 1 0 1 0 0

7 2 0 0 0 1 2 2 2 1

1 2 2 0 0 2 2 2 1 2

4 2 1 0 0 1 1 1 0 0

6 2 2 0 0 1 0 0 2 0

5 1 2 0 0 1 1 1 0 0

1 2 2 0 0 0 0 1 1 0

9 2 2 0 0 1 0 0 2 0

8 1 2 0 0 1 1 2 0 0

5 1 2 0 0 1 1 1 1 0

3 1 0 0 0 0 1 1 0 0

7 0 2 0 0 0 0 1 1 0

4 2 2 0 0 0 0 0 1 0

2 1 1 0 0 1 1 2 0 0

5 0 2 2 2 1 0 2 1 0

3 0 0 2 2 1 1 1 1 0

4 0 2 0 0 0 0 0 1 0

5 0 2 1 1 1 0 1 0 0

1 1 2 0 0 0 0 1 1 0

7 2 2 0 0 1 1 1 1 2

6 0 1 0 0 1 0 2 1 0

8 0 2 1 0 1 0 2 1 0

7 1 1 0 0 1 1 2 0 0

6 1 0 0 0 1 0 2 1 0

2 2 0 0 0 1 1 1 1 0
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Table 9: MiniTab correlation of trilevel quantized data.

Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts

Distance 1 −0.19 −0.53 −0.42 0.26 0.58 0.01 0.50

Aspect −0.19 1 0.00 0.03 −0.12 −0.40 −0.16 0.04

Vert −0.53 0.00 1 0.89 0.03 −0.28 0.14 −0.11

Area −0.42 0.03 0.89 1 0.01 −0.18 0.23 0.00

Target lumn 0.26 −0.12 0.03 0.01 1 0.41 0.32 0.17

Dark area lumn 0.58 −0.40 −0.28 −0.18 0.41 1 0.37 0.17

Surround lumn 0.01 −0.16 0.14 0.23 0.32 0.37 1 −0.03

Edge pts 0.50 0.04 −0.11 0.00 0.17 0.17 −0.03 1

0.7

0.75

0.8

0.85

0.9

0.95

1
Correlation

Raw data Pentaquantization Triquantization Boolean

Figure 1: Comparing fidelity degradations as quantization levels are changed.

Reduce matrix
(column) order

Yes

Yes

No

No

Data ready for boolean
decision analysis

Calculate correlation
number Cij

Calculate correlation
number Cij

number Cij

Input sensor data
(n × p    matrix)

Cij > 0.9?

Cij > 0.8?

Recalculate correlation

i-quantize data
initially i > 2

Reduce i-size
eventually, i = 2

Figure 2: Boolean reduction algorithm.
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Table 10: Sample data from [5] reduced to Boolean.

Target number Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts Search time

Type m Ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 1 1 0 0 0 0 0 1 0

1 1 1 0 0 1 0 0 0 0

2 1 1 0 0 1 1 0 1 0

3 1 0 0 0 0 1 1 1 1

2 0 1 1 1 1 0 1 0 0

4 1 0 0 0 0 0 1 0 0

5 1 0 0 0 0 1 0 1 1

6 1 0 0 0 0 1 0 0 0

2 0 1 1 1 0 0 1 1 0

4 0 1 0 0 0 0 0 0 0

3 1 1 0 0 1 0 0 1 0

6 0 1 0 0 0 0 1 1 0

7 0 1 0 0 0 0 0 0 0

3 0 1 0 0 1 0 0 0 0

2 1 0 0 0 1 0 0 1 0

1 0 0 0 0 0 0 0 0 0

5 0 1 0 0 0 0 0 0 0

1 0 1 0 0 0 0 0 0 0

8 0 0 0 0 1 0 0 0 0

2 0 1 0 0 0 0 0 0 0

7 1 0 0 0 1 1 1 1 0

1 1 1 0 0 1 1 1 1 1

4 1 0 0 0 1 1 1 0 0

6 1 1 0 0 0 0 0 1 0

5 0 1 0 0 0 1 1 0 0

1 1 1 0 0 0 0 0 1 0

9 1 1 0 0 0 0 0 1 0

8 0 1 0 0 1 1 1 0 0

5 1 1 0 0 0 1 0 0 0

3 1 0 0 0 0 0 0 0 0

7 0 1 0 0 0 0 1 1 0

4 1 1 0 0 0 0 0 1 0

2 1 1 0 0 1 1 1 0 0

5 0 1 1 1 1 0 1 0 0

3 0 0 1 1 1 0 0 1 0

4 0 1 0 0 0 0 0 1 0

5 0 1 1 0 0 0 1 0 0

1 0 1 0 0 0 0 1 1 0

7 1 1 0 0 0 1 1 1 1

6 0 1 0 0 1 0 1 1 0

8 0 1 1 0 0 0 1 0 0

7 1 0 0 0 1 1 1 0 0

6 1 0 0 0 1 0 1 0 0

2 1 0 0 0 1 0 0 1 0



10 Advances in Fuzzy Systems

Table 11: MiniTab analysis of Boolean vector correlation.

Distance Aspect Vert Area Target lumn Dark area lumn Surround lumn Edge pts

Distance 1 −0.26 −0.36 −0.29 0.16 0.47 −0.19 0.37

Aspect −0.26 1 0.13 0.05 −0.06 −0.13 0.04 0.10

Vert −0.36 0.13 1 0.80 −0.19 −0.24 0.30 −0.13

Area −0.29 0.05 0.80 1 −0.15 −0.19 0.19 0.00

Target lumn 0.16 −0.06 −0.19 −0.15 1 0.24 0.16 0.24

Dark area lumn 0.47 −0.13 −0.24 −0.19 0.24 1 0.36 0.00

Surround lumn −0.19 0.04 0.30 0.19 0.16 0.36 1 −0.09

Edge pts 0.37 0.10 −0.13 0.00 0.24 0.00 −0.09 1

original full dataset solution. That result is presented in
a companion paper. This has many applications where
approximate solutions are adequate and where compute
resources (either processor capability, or available time) are
limited.
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This paper looks at techniques to simplify data analysis of large multivariate military sensor systems. The approach is illustrated
using representative raw data from a video-scene analyzer. First, develop fuzzy neural net relations using Matlab. This represents the
best fidelity fit to the data and will be used as reference for comparison. The data is then converted to Boolean, and using Boolean
Decision Diagrams (BDD) techniques, to find similar relations between input vectors and output parameter. It will be shown that
such Boolean techniques offer dramatic improvement in system analysis time, and with minor loss of fidelity. To further this study,
Boolean Neural Net techniques (BNN) were employed to bridge the Fuzzy Neural Network (FNN) to BDD representations of the
data. Neural network approaches give an estimation method for the complexity of Boolean Decision Diagrams, and this can be
used to predict the complexity of digital circuits. The neural network model can be used for complexity estimation over a set
of BDDs derived from Boolean logic expressions. Experimental results show good correlation with theoretical results and give
insights to the complexity. The BNN representations can be useful as a means to FPGA implementation of the system relationships
and can be used in embedded processor based multi-variate situations.

1. Introduction

Modern radar systems trace their roots to efforts in several
countries to refine existing concepts and theories just prior
to WWII. This was the culmination of theory and systems
dating back to the 1860s. Simplistically, a transmitted electro-
magnetic signal reflects from an object back to an antenna
where the characteristics of the signal determine properties
such as location, speed and direction of the target. We take
this simple problem, a show how variable complexity grows,
and how the corresponding computational problem also
grows.

Consider a simple Time-of-Flight range detector. For a
stationary object, the range is simply determined by

R =
(
vp × t

)
2, (1)

where R = Range; vp = Speed of propagation in medium (c in
air); t = Time to receive the reflected signal.

For a moving target, radar systems use the Doppler Effect
where the relative motion between source and observer
produces a frequency shift

f = (v + vr v − vs)× f0, (2)

where f = observed frequency; f0 = transmit frequency; v =
velocity of propagation in medium; vr = velocity of target
relative to medium; vs = velocity of antenna relative to
medium.

Both equations assume colocated transmit and receive
(Tx/Rx) antennas. Azimuth and elevation information
comes with knowledge of the antenna beam position. So,
what started as a simple calculation with 2 variables, becomes
a problem with 4 variables. And, as we add moving sensors,
propagation media dielectric variations, frequency jitter,
multipath echoes, and so forth, the number of variables
grows, and the computation problem quickly overwhelms
the processor. Modern day military sensors, with video and
other multispectra imagers, capture such large amounts of
data that embedded processors are rapidly overwhelmed.



2 Advances in Fuzzy Systems

The result then is that the embedded processor cannot
complete its computations within the prescribed cycle time,
and does not return a result or, starts to discard data,
resulting in a false answer. Given that outcome, many systems
find an “approximate” answer adequate for many mission
objectives. In this paper, we employ data from such a video
processor and show how Binary Decision Diagrams (BDD)
fidelity compares with Fuzzy Neural Network (FNN) result
quality and, how the Neural Network Model (NNM) can be
used as an indicator of the Field Programmable Gate Array
(FPGA) complexity.

The paper describes an environment for the rapid anal-
ysis, synthesis and optimization of embedded systems. The
simplification strategy involves structure reduction and is
carried out through an iterative algorithm aiming at selecting
a minimal number of rules for the problem at hand. The
selection algorithm allows manipulation of the neuro-fuzzy
model or binary decision diagram to minimize complexity
and to preserve a good level of accuracy. Since the imple-
mentation of these systems is rather complicated, we propose
a methodology which automates the entire design flow. Flex-
ibility is achieved by allowing manual intervention which is
realized via a modular implementation of algorithms which
are being provided.

2. Logic Analysis

An extension of the Time-of-Flight system is a typical track-
while-scan (TWS) radar system, which gets a discrete (tem-
porally separated) sequence of detections (“hits”) on a given
target. Each detection is of a finite, typically quite short,z
duration. From each detection a given collection of attributes
about that hit is extracted. The attributes typically include
detection time, position, and reflected intensity, as well as
various statistical moments and other mathematical features
of the detection. The goal of these radar detections is
typically to identify (detect and classify) the target of interest
and its trajectory. By successfully tracking the target in
motion, knowledge of the target can usually be substantially
improved, since repeated detections of the moving target
provide a greater volume of information and allow aggregate,
track-based, statistics to also be used.

If we expand the problem to a multidimensional target
identification problem, let us consider an example of a
cluttered video image, and we need to find and classify the
target in the scene. The image attributes include distance
(to target it is called distance), aspect ratio of target (called
aspect), vertical pixel height of target (called vert), area (in
pixels it is called area) covered by target, target luminosity
(called target lum), dark area in the image (called dark area
lum), the surrounding luminosity (called surround lum), and
edge pixels (called edg pts). The object is to classify the target
(type) and assess the time taken to complete this chore.
Reproduced from [1–3] is a table, Table 1, showing rows of
such data. The data is just for illustration purpose only and
is used in calculations to illustrate the comparison between
full neuro-fuzzy analysis versus what target classification

confidence we can achieve using Boolean or fuzzy tech-
niques. The details of neuro-fuzzy techniques are not repro-
duced here [4], and, as background, the ANFIS (ANFIS =
adaptive neurofuzzy inference system. As deployed in
MatLab the Sugeno fuzzy model is where all output mem-
bership functions are singleton spikes and the implication
and aggregation methods are fixed. The implication method
is simply multiplication, and the aggregation operator just
includes all of the singletons. The Sugeno method is ideal
for acting as an interpolative supervisor of multiple linear
controllers that apply different operating conditions of a
dynamic nonlinear system. A Sugeno system is also suited for
modeling nonlinear systems by interpolating multiple linear
models) toolkit in MatLab and VeriMax analysis using
MiniTab are employed. The architecture and learning pro-
cedure underlying ANFIS (adaptive-network-based fuzzy
inference system) is a fuzzy inference system implemented
in the framework of adaptive networks. By using a hybrid
learning procedure, ANFIS can construct an input-output
mapping based on fuzzy if-then rules and stipulated input-
output data pairs.

And, as is shown [5, 6], we see that the Boolean and
fuzzy approaches increase the linguistic rules as the number
of input vectors increases. A neuro-fuzzy approach allows a
more compact and computationally efficient representation
and lends itself to adaptive schemes. And, where there
is no intuitive knowledge of input vector behaviors or
relationships to the output, these adaptive techniques in turn
help create the entire fuzzy network for us.

Looking at Table 1, for this example, we see that there
are 9 target types, and that there is little intuitive correlation
between input vectors and target type or time taken to
classify the target. Heuristic methods and expert knowledge
(described in [7]), exploit a-priori knowledge to make
inferences and help cluster the vectors and reduce system size
by eliminating some inputs.

Using the Verimax analysis in MiniTab, we calculate,
Table 2 [3], the correlation between vectors and see that vert
(number of vertical pixels) and area (area covered by target
in pixels) information is strongly correlated (95%).

There are other inferences that can also be made. But,
none that allows a simple determination of logical con-
nections. Employing the Neuro-fuzzy ANFIS function from
the MatLab toolkit, we see in Table 3, that it is possible to get
upto 87% confidence in target classification, relying on the
full data set.

Where the terms as used by MiniTab are [8] as follows.

CORR: Correlation between the original output and the
estimated output from the fuzzy neural system using
the data from each method.

TRMS: total Root mean square for the distance between the
original output and the estimated output using the
same testing data through the fuzzy neural system

TRMS =
∑n

i=1

√(
xi − yi

)2

n− 1
, (3)
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Table 1: Data reproduced from [1]. Data representing the target classification, and the various extracted attributes of the visual scene.

Target no. Distance Aspect Vert Area Target lum Dark area lum Surround lum Edgepts Search time

Type m ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 4007 0.71 10 141 14 17 29 9571 14.6

1 2998 0.82 11 225 21 10 27 8927 15.2

2 3974 0.71 13 173 20 24 28 9138 12.4

3 5377 0.05 5 49 18 23 30 8970 29.8

2 1013 0.52 50 2708 19 5 34 8706 2.8

4 3052 0.00 11 100 12 18 30 8755 6.4

5 5188 0.41 9 76 18 23 28 9053 26.7

6 3679 0.12 10 96 12 20 26 8620 10.0

2 860 1.00 54 3425 9 1.5 40 8961 2.7

4 1951 0.85 16 332 15 11 27 8572 2.8

3 3992 0.79 11 154 20 19 26 9194 11.9

6 1041 0.74 24 1645 11 4 35 9074 2.5

7 2145 0.98 17 553 8 5 18 8280 3.7

3 1998 0.76 19 659 20 10 22 8739 8.1

2 4410 0.00 11 101 22 18 29 9404 12.4

1 2893 0.42 16 320 12 7 23 8670 2.5

5 1933 0.98 13 368 15 12 23 8606 4.8

1 1850 0.96 28 876 3 4 9 8464 2.8

8 1045 0.09 26 985 19 10 12 8613 12.3

2 1933 0.95 22 867 16 11 27 8376 2.8

7 4206 0.00 9 79 26 29 38 9506 15.1

1 5722 0.88 7 73 38 40 46 9044 25.6

4 4920 0.42 8 61 20 21 36 8618 12.1

6 4206 0.81 9 142 18 12 21 9152 8.0

5 2348 0.94 9 198 18 21 30 8504 5.5

1 3992 0.88 11 217 15 14 26 9078 7.8

9 4410 0.96 11 247 16 8 19 9397 9.6

8 2321 0.83 15 458 22 21 47 8365 5.1

5 3661 0.76 9 84 17 25 23 8807 7.5

3 3670 0.00 13 192 14 15 27 8483 6.1

7 1671 1.00 19 893 15 13 31 8959 3.5

4 4345 0.81 8 63 15 12 20 9021 12.3

2 3662 0.57 10 203 26 25 44 8702 5.4

5 633 0.71 50 4403 20 5 39 8741 2.5

3 492 0.07 57 3045 20 16 23 8992 2.2

4 1497 0.78 16 560 10 7 20 9014 5.8

5 1041 1.00 33 1613 17 5 32 8486 2.6

1 2891 0.99 19 486 12 12 35 9021 12.1

7 5147 0.93 5 81 18 27 34 9075 34.9

6 1648 0.59 18 648 23 7 37 9070 2.7

8 948 0.73 35 1463 18 5 38 8790 3.7

7 3662 0.41 12 188 19 25 39 8524 5.8

6 2900 0.00 17 340 20 10 49 8791 4.1

2 5136 0.00 10 79 25 16 27 8941 10.6

where xi is the estimated value and yi is the original
output value.

STD: Standard deviation for the distances between the
original output and the estimated output using the
same testing data through the fuzzy neural system.

MAD: Mean of the absolute distances between the original
output and the estimated output using the same
testing data through the fuzzy neural system.

EWI: The index value from the summation of the values
with multiplying the statistical estimation value by its
equally weighted potential value for each field.
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Table 2: Reproduced from [1]. Verimax analysis using MiniTab tool to calculate covariance between input vectors.

Distance Aspect Vert Area Target lum Dark area Surround Edgepts

Distance 1 −0.24 −0.79 −0.72 0.37 0.72 0.06 0.41

Aspect −0.24 1 0.08 0.12 −0.24 −0.25 −0.08 −0.10

Vert −0.79 0.08 1 0.95 −0.19 −0.58 0.07 −0.19

Area −0.72 0.12 0.95 1 −0.14 −0.53 0.15 −0.13

Target lum 0.37 −0.24 −0.19 −0.14 1 0.62 0.52 0.25

Dark area 0.72 −0.25 −0.58 −0.53 0.62 1 0.32 0.22

Surround 0.06 −0.08 0.07 0.15 0.52 0.32 1 0.04

Edgepts 0.41 −0.10 −0.19 −0.13 0.25 0.22 0.04 1

Table 3: Correlation and other analysis of data from [1–3].

CORR TRMS STD MAD EWI ERR

2 factor 0.77 5.73 3.60 5.35 14.92 13.44

3 factor 0.56 6.65 5.81 6.21 19.11 20.52

4 factor 0.46 7.59 14.39 7.09 29.62 16.55

5 factor 0.22 21.11 32.05 19.70 73.63 58.87

6 factor 0.71 6.92 10.46 6.46 24.13 18.03

7 factor 0.84 3.31 4.83 3.09 11.39 8.05

Original 0.87 2.84 4.40 2.65 10.02 7.38

ERR: The error rate is

ERR =
n∑

i=1

(
E(i)−O(i)

E(i)
× 100

)
, (4)

where n is the number of testing data, E(i) is the
estimated output, and O(i) is the actual output.

This forms our baseline. We now compare this analysis to
what we can get if the data in Table 1 is converted to Boolean.
This Boolean data is presented in Table 4.

Verimax analysis when we employ Boolean relationships
to determine the correlation functions shows correlation
between the original output and the estimated output to be
82%. This compares well with the FNN analysis and is a rea-
sonable approximation of the original data. It is this accept-
able degradation that provides an opportunity to use Binary
Decision Diagrams and Boolean techniques, to reduce the
number of variables and to simplify the computational prob-
lem. The general correlation similarities between vectors are
approximately preserved. And, again, vert and area vectors
have high correlation. Thus, using the premise that an
approximate answer is better than no-answer. The simple
Boolean quantization of the raw data, provides a reasonable
estimate as compared to the full data set, fuzzy inferences.

3. Boolean Decision Diagram Techniques

The analysis techniques used above show that reasonable
computation reduction can be achieved by data quantization
implying that using full-precision data as baseline, we still
achieve approximately 82% fidelity in the correlation data
using Boolean quantization of the data. This opens the door

to using Boolean Decision tools for rapid, reasonable fidelity
and analysis of the system.

Let us again start with the data in Table 4—which is the
Boolean representation of the raw data. We find that we have
8 input variables and 1 output vector called search time,
that is, the time required to correctly classify the target type.
As shown in [2, 7], the correlation matrix for the Boolean
data also shows that, because it has such high correlation
between adjacent vectors, we can simply eliminate the vert or
area vectors and, using a-priori knowledge for this specific
problem, that target lum and edge pts vectors also can be
combined in an OR function to some extent. Finally, that
distance and target lum also can be OR combined to further
reduce the matrix. We can then develop a 4-variable matrix
to develop a set of linguistic rules.

Table 5 shows such a reduced vector representation of
the original raw data. And, this is specific for this problem,
other problems, and, using specialized knowledge [7] we can
use the analysis techniques shown to reduce the input vector
dimension.

Using Boolean Decision Diagram techniques, this is
represented as

f =
∑

(0, 1, 2, 3, 5, 6, 7, 10, 13, 14). (5)

From this, we can create the K-map (Figure 1) of the above
linguistic rules:

And, we can re-write f as:

f = BCD + AB + CD + AC. (6)

The complexity of circuit and systems design increases
rapidly. Therefore, in seeking efficient algorithms and data
structures, we choose, binary decision diagrams (BDDs).
These have been used in a wide variety of applications and
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Table 4: This Boolean data is presented in Table 4.

Target no. Distance Aspect Vert Area Target lum Dark area lum Surround lum Edgepts Search time

Type m ass (sin) Pixels (Pixels) Scene Dark Grass Pts Search time (s)

1 1 1 0 0 0 0 0 1 0

1 1 1 0 0 1 0 0 0 0

2 1 1 0 0 1 1 0 1 0

3 1 0 0 0 0 1 1 1 1

2 0 1 1 1 1 0 1 0 0

4 1 0 0 0 0 0 1 0 0

5 1 0 0 0 0 1 0 1 1

6 1 0 0 0 0 1 0 0 0

2 0 1 1 1 0 0 1 1 0

4 0 1 0 0 0 0 0 0 0

3 1 1 0 0 1 0 0 1 0

6 0 1 0 0 0 0 1 1 0

7 0 1 0 0 0 0 0 0 0

3 0 1 0 0 1 0 0 0 0

2 1 0 0 0 1 0 0 1 0

1 0 0 0 0 0 0 0 0 0

5 0 1 0 0 0 0 0 0 0

1 0 1 0 0 0 0 0 0 0

8 0 0 0 0 1 0 0 0 0

2 0 1 0 0 0 0 0 0 0

7 1 0 0 0 1 1 1 1 0

1 1 1 0 0 1 1 1 1 1

4 1 0 0 0 1 1 1 0 0

6 1 1 0 0 0 0 0 1 0

5 0 1 0 0 0 1 1 0 0

1 1 1 0 0 0 0 0 1 0

9 1 1 0 0 0 0 0 1 0

8 0 1 0 0 1 1 1 0 0

5 1 1 0 0 0 1 0 0 0

3 1 0 0 0 0 0 0 0 0

7 0 1 0 0 0 0 1 1 0

4 1 1 0 0 0 0 0 1 0

2 1 1 0 0 1 1 1 0 0

5 0 1 1 1 1 0 1 0 0

3 0 0 1 1 1 0 0 1 0

4 0 1 0 0 0 0 0 1 0

5 0 1 1 0 0 0 1 0 0

1 0 1 0 0 0 0 1 1 0

7 1 1 0 0 0 1 1 1 1

6 0 1 0 0 1 0 1 1 0

8 0 1 1 0 0 0 1 0 0

7 1 0 0 0 1 1 1 0 0

6 1 0 0 0 1 0 1 0 0

2 1 0 0 0 1 0 0 1 0

were intensively studied. And, the Boolean Decision Diagram
as Figure 2.

Having this Boolean Decision Diagram, we can apply the
analysis tools [9–11] readily available for such analysis. This
shows how a complex video scene, once it is translated into

desired attributes, can then be analyzed using BDD tech-
niques to yield fast approximate solutions to the data clas-
sification problem. Research exists [12] on how to generate
FPGA using BDDs, and in this paper we acknowledge that
numerous researchers have used BDD synthesis for FPGA
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Figure 1: K-map of data represented by Table 5.
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1 11 1

C C

DDDD

f = BCD + B + CD + C

f = CD + CD + Cf = CD + C

f = D

f = BCD + CD

f = CD f = CD + CD

f = Df = D

Figure 2: Boolean Decision Diagram for data represented by Table 5.

performance optimization. Additionally, recent publications
[13–16] show that such order-reduction models are created
and changed throughout the development process process
and [13, 14] argue that if one looks at the idea of model
checking as a constraint checking problem, then the BDD-
based symbolic model checking indeed is capable of verifying
systems with a large number of states. This is in agreement
with our main thesis as well, that is the analysis of abstract
models using such order-reduction analysis will have great
impact in reducing computational load on embedded pro-
cessors. The authors of [15, 16] note that it is indeed possible
to reduce (replace) the initial set of input variables with their
linear combinations and that such path reduction (order
reduction) can be compared using spectral techniques,
or weighted autocorrelation techniques, to compare and
approximate accuracy degradations.

4. Proposed Algorithm

The proposed algorithm to implement the above technique is
illustrated in this section. The input space is reduced and the

number of rules is decreased, and the simulation results illus-
trate the approach is practicable, simple, and effective and
the performance index is not significantly degraded. The
video scenes, in this illustrative example, are first converted
recognition attributes as required by the classification algo-
rithm. And, using FNN and ANFIS techniques, a baseline
answer fidelity index is generated. Then, the data streams are
converted to Boolean and checked to see that resultant
fidelity degradation is acceptable. This assessment can be
rule-set or can rely on expert a-priori knowledge to judge
when the quantization is acceptable. Then, using Factor and
Cluster techniques, the problem size is reduced first by com-
bining or eliminating the input vectors, and then, by selecting
orthogonal data rows, such that a full set of outcomes is
represented. Finally, use BDD techniques, to draw K-map
diagrams and to develop a Boolean equation to solve the
problem.

The synthesis, optimization, and implementation of
embedded systems is rather complicated, and we propose a
methodology which automates the entire design flow. Flex-
ibility is achieved by allowing manual intervention which is
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Table 5: Original visual scene data, after Boolean quantization, and
after factor reduction.

Target type A B F G Output

1 1 1 0 0 1

1 0 1 0 1 1

2 1 1 1 0 1

3 1 0 1 1 1

2 0 1 0 1 0

4 1 0 0 1 1

5 1 0 1 0 1

6 1 0 1 0 1

2 0 1 0 1 0

4 0 1 1 1 0

3 1 1 0 0 1

6 0 1 0 1 0

7 0 1 0 1 0

3 0 1 0 1 1

2 1 0 1 0 1

1 0 1 0 1 0

realized via a modular implementation of algorithms which
are being provided. This is represented in the following flow
(see Figure 3).

Assume there are n by p matrix with p-1 input variables
and one output.

(1) Using the raw data, and FNN, ANFIS function from
the MatLab toolkit, calculate the correlation matrix,
R, between variables of data set. This correlation is
the benchmark correlation between variables and can
be used later to decide the validation of reducing
procedure.

(2) Review input vector correlation data, to determine
which variables can be reduced (or combined).

(3) Use iterative convergence to reduce/combine input
vectors. Each time verifying that the resultant data is
reasonably correlated to the original data.

(4) Convert remaining data stream to Boolean. Typically
this binary representation is of a reduced set of input
variables.

(5) Then, using Factor and Cluster techniques, the prob-
lem size is reduced first by combining or eliminating
the input vectors, and then, by selecting orthogonal
data rows, such that a full set of outcomes is repre-
sented. This can be performed, based on heuristic, a-
priori, or correlation analysis.

(6) Repeat MiniTab/VeriMax analysis to validate that the
resultant correlation value is within acceptable range
as compared to the full-fidelity FNN correlation
value. This step can be automated via a rule set, or
can include judgment, depending on confidence in
the factoring algorithms.

(7) Next, use BDD techniques, to draw K-map diagrams
and to develop a Boolean equation to solve the
problem.

(8) Create the BDD to represent the Boolean relation-
ship.

(9) Verify the diagram with representative cases.

(10) Use FPGA design techniques, to convert the BDD to
code.

(11) The system is now ready to take a raw stream of input
data and yield a high efficiency solution to the target
classification problem.

5. Analysis and Conclusion

Binary Decision Diagrams are generated by applying Shan-
non expansion [16] repeatedly to a logic function to yield a
multivalued decision diagram. This is usually a (very) large
matrix, generally unsolvable by embedded processors having
finite memory and limited cycle-time before a decision must
be rendered. Cluster decomposition (i.e., circuit partition-
ing) is also possible, but, generally this leads to several
smaller matrices that must be solved simultaneously and
also requires a fuzzy-logic arbitration algorithm to decide on
the outcome. Further, when such subcircuits have fanouts,
[16], the number of BDD nodes may increase exponentially
thereby defeating the intent of Order Reduction algorithm.
The study in [15] also confirms that the number of
paths (order) is a function of the weighted autocorrelation
coefficients and that it is possible to minimize the number
of paths by constructing an ordered set of basis vectors
of high weighted autocorrelation value. This is the key
to use auto-correlation analysis to find relations between
input vectors and output parameter, also to convert dynamic
data to Boolean, that is, a 1-bit A/D approach, to create
both a reduced-order circuit, and to simplify analysis. This
technique of both order reduction (linearly combining input
vectors) and input data-resolution reduction (converting
from full-dynamic range data to Boolean data) still yields
adequate quality results.

In summary, a high number of input parameters can
result in a large number of rules that are computationally
difficult to handle. Hence, it is imperative to develop the
techniques, which can reduce the input parameters such that
the original system and reduced systems have approximately
the same behavior. In this paper, we have taken multi-variate
streams of as-available data from a video scene analyzer and
have created a technique for order reduction, and of digiti-
zation, such that the problem can reasonably be reduced to
a Boolean problem, and, that this Boolean problem can then
be solved using well-known techniques for Boolean Decision
Diagrams. In the context of the example chosen for this
paper, data streams from a video recorder are selected and
analyzed for target classification efficiency. It is shown that an
original 8 input-parameter data set with an 87% confidence
full fuzzy neural net analysis, the reduced order problem
was converted to a 4-variable problem, and the technique
was able to generate a reasonably accurate 82% accurate
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Input raw multivariate data streams

Calculate the eigenvalues from the

correlation matrix of the original data

to determine orthogonality of the input

variables

Using the reduced factor stream of input variables, determine
the new correlation values

Convert the data to Boolean and repeat the

correlation analysis

Generate K-map and Boolean Decision

Diagrams to represent the relationships as

determined by K-map

Generate FPGA code

System ready for validation and

implementation

Select the number of reduced factors based upon the

accumulation of variances, or using apriori or heuristic

input. Reduce the input variables

Validate that this is

acceptable

Validate that this is

acceptable

Figure 3: Flowchart for the proposed algorithm.

solution. And, that such a reduced-order problem can then
be converted to a Boolean relationship. Existing research
[9–12] shows how to convert this relationship to a FPGA
design, such that, for this example, such video data can be
quickly analyzed and a reasonably accurate answer generated.
So while it is possible to have larger and larger processors
and more and more complex code, often in many military
applications, an approximate answer is adequate. And, that
answer can be calculated using order-reduction techniques
outlined herein, and then completely solved using BDD
techniques.

From this study, we may decide the best heuristic and
fuzzy techniques and also when the usage of fuzzy or heuris-
tic method is better than the other. These are of significant
advantage in satellite sensors where power and compute
capacities are limited, and where such approximations can
then cue more detailed analysis if warranted.
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Many qualitative group decisions in professional fields such as law, engineering, economics, psychology, and medicine that appear
to be crisp and certain are in reality shrouded in fuzziness as a result of uncertain environments and the nature of human cognition
within which the group decisions are made. In this paper we introduce an innovative approach to group decision making in
uncertain situations by using a mean-variance neural approach. The key idea of this proposed approach is to compute the excluded
mean of individual evaluations and weight it by applying a variance influence function (VIF); this process of weighting the excluded
mean by VIF provides an improved result in the group decision making. In this paper, a case study with the proposed excluded-
mean-variance approach is also presented. The results of this case study indicate that this proposed approach can improve the
effectiveness of qualitative decision making by providing the decision maker with a new cognitive tool to assist in the reasoning
process.

1. Introduction

In any professional field, such as law, engineering, eco-
nomics, psychology, and medicine, we are often faced with
ambiguous choices in our decision making processes. A
decision making process involves perceptions relating to neu-
rological processes of acquiring and mentally interpreting
qualitative (fuzzy) information. Our cognitive process relat-
ing to the process of acquiring knowledge by the use of
reasoning, intuition, and perception for the evaluation of
suitable courses of action (decisions) among several alterna-
tive choices plays a very large part in human decision making
[1]. Such decisions are made where human judgment is
called upon to choose among competing and viable options.
These decisions are often made under the environments of
vague (fuzzy), incomplete, and conflicting evidences. Thus,
our decision making process is often masked by fuzzy and

statistical uncertainties. A change in the formulation of these
cognitive processes can alter the results of our decision signif-
icantly.

In order to have the best possible decisions in an uncer-
tain environment, it is necessary to have an opportunity
to continuously adapt the decision parameters by using
new information. Therefore, the decision making processes
would benefit by incorporating some feedback mechanism
that allows various outcomes to be assessed and evaluated.
During the past, a number of methods to improve the quality
of decisions have been developed by applying some novel
approaches, both statistical and fuzzy [1].

In real life, the process of group decision making is
subject to the different perceptions and cognitive abilities of
individual panel members (evaluators), and thus, cognitive
uncertainty is introduced into the group decision making
environment. These cognitive uncertainties (fuzziness) arise
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due to the different background and experience of individual
panel members in the group and are thus the function
of individual thinking processes. Thus, the opinions of
evaluators in a group are masked by both cognitive (fuzzy)
and statistical uncertainties. Therefore, there is a continuous
search for the development of a better approach to enhance
the quality of the decision making processes.

In this paper, we present a novel approach for qualita-
tive group decision making, namely excluded-mean-variance
neural decision analyzer (E-MVNDA). Here, we introduce a
new notion of excluded mean and excluded variance. This
proposed excluded-mean-variance neural decision analyzer
(E-MVNDA) consists of the following three stages:

(i) quantifier (an interface between human and com-
puter): for computational purposes, the quantifica-
tion of the perceived subjective opinion of individual
evaluators on each piece of evidence is converted into
some fuzzy number, say over the interval [−10, 10];

(ii) preprocessor: first, the two statistical parameters,
excluded mean (µ) and excluded variance (v), of the
perceived subjective opinions of evaluators expressed
in the form of fuzzy numbers are computed. Then
the neural input u for the neural decision processor
is computed which is the product of µ and a variance
influence function (VIF);

(iii) neural decision processor (NDP): the NDP uses u, the
output of the preprocessor, under various classifica-
tions of evidences, and finally yields a decision y.

In this paper, we evaluate the performance of the pro-
posed excluded-mean-variance neural decision analyzer (E-
MVNDA) on a generic case study.

2. Design of Excluded-Mean-Variance Neural
Decision Analyzer (E-MVNDA)

The group decision making analyzer in a qualitative (fuzzy)
environment presented in this paper is based upon the
confluence of fuzzy statistical and neural approaches [2].
For the formulation of this novel group decision making
approach in a qualitative environment, we introduce three
new statistical parameters: excluded mean (µ), excluded
variance (v), and variance influencing function (VIF). In this
VIF approach, we modify the excluded-mean value µ of the
quantified evaluations for each piece of evidence (factor).
When we examine the qualitative language of decision
making in a group, it becomes apparent that the opaqueness
of the process hides the impact of this dimension of variance.
It should be emphasized that without the incorporation of
VIF, the decision making will be plagued by the large variance
resulting from the undue influence of the unscreened subjec-
tive ranking tacitly present in any qualitative decision making
process.

In a group decision making process on a given case, each
member of the group expresses his/her opinion (evaluation),
this opinion is influenced by individual perception, which,
in turn, is influenced by his/her experience. The evaluation

employs fuzzy linguistic quantifiers which quantify linguistic
expressions such as “good,” “very good,” “fair,” or “bad”
[3, 4]. In order to express the opinion (evaluation) of each
evaluator, the qualitative (fuzzy) opinions are quantified into
some fuzzy numbers, say over the interval of [−10, 10]. For
example, if someone was assessing the quality of various tea
brands, the assessor may regard the quality of the tea as
being “very tasty” whereas another may score it as “good,
but tart.” During the process of quantification of their
assessments, the first tester may give a score of his taste as
“9” over the interval of, say, [−10, 10], while the second may
give a score as “6.” These scores are subjective (fuzzy).
The quantified group opinions are masked by both fuzzy
and statistical (random fluctuations) uncertainties. In this
collected opinion, fuzziness arises because of the subjectivity
(perception and cognition) of individual evaluators, and the
statistical uncertainty arises because of the collection of fuzzy
evaluations from the group of decision makers. Figure 1
shows an example of the fuzzy uncertainty associated with
a quantified number, s = 5, from a qualitative opinion of an
evaluator.

The procedure in the excluded-mean-variance neural
decision analyzer (E-MVNDA) for a group decision making,
as shown in Figure 2, is as follows: first, each subjective
(qualitative) opinion is quantified into a fuzzy number (eval-
uation), say s. The preprocessor computes excluded-mean
(µ) and excluded-variance (v) for each piece of evidence
(factor) using the fuzzy data provided by n evaluators. Then,
a decision is made by a neural decision processor (NDP). In
the following subsections, we give the details of the preproc-
essor and neural decision processor (NDP).

2.1. Preprocessor: Excluded Mean, Excluded Variancen and
Variance Influence Function. Let us consider a group deci-
sion-making case with m evidence/factors and n evaluators
as shown in Table 1.

The individual pieces of evidence/factors are the features
of a case to be evaluated, and the evaluators of the group
are asked to quantify their opinions for each piece of
evidence with a fuzzy number over an interval, say [−10, 10].
The preprocessor of E-MVNDA computes statistical values
(excluded mean, µ, and excluded variance, v) for each piece
of evidence/factor using the evaluation of the group evalua-
tors.

Let us consider a situation with a group of n evaluators
and m pieces of evidence/factors. In the evaluation process,
each evaluator ( j, j = 1, 2, . . . ,n) is asked to quantify his/her
opinion on each piece of evidence (factor, i, i = 1, 2, . . . ,m)
using a fuzzy number si j over an interval, say [−10, 10]. In
some cases, some p evaluators do not wish to mark a score
and instead mark “X” for some evidence (factor, i) for any of
the following reasons:

(i) the evaluator feels that this particular evidence is not
relevant for this decision; and/or

(ii) the evaluator considers himself unqualified to judge
this particular evidence appropriately.
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Table 1: Evaluation matrix (m× n) and preprocessing for E-MVNDA. (m = number of evidences; n = number of evaluators.)

Evaluation

Evaluators Preprocessing

Evidences
(factors)

E1 · · · Ej · · · En
Excluded mean

(μ)
Excluded variance

(v)
Variance influence function (VIF)

( f (αv))

F1 s11 · · · s1 j · · · s1n μ1 v1 f (αv1)
...

...
...

...
...

...
...

...
...

Fi si1 · · · si j · · · sin μi vi f (αvi)
...

...
...

...
...

...
...

...
...

Fm sm1 · · · smj · · · smn μm vm f (αvm)

1

0

s = 5

β
0.5

Evaluation
(a fuzzy number)

s− Δs s + Δs

M
em

be
rs

h
ip

γ(
s)

Figure 1: A triangular membership function (γ ∈ [0, 1]) for a
fuzzy number (evaluation) s = 5. At the membership γ = 0.5, the
width β = Δs of the triangular membership function represents the
measure of uncertainty associated with the fuzzy number s.

In the computation of mean and variance, the number of
p opinions marked “Xs” are excluded. Thus, the excluded-
mean (μi) and the excluded-variance (vi) are computed
which are defined as follows.

Excluded-Mean:

μi =
(

1
n− p

)⎡

⎣
n∑

j=1

si j

⎤

⎦, for si j /=X. (1)

Excluded-Variance:

vi =
(

1
n− p

)⎡

⎣
n∑

j=1

(
si j − μj

)2

⎤

⎦, for si j /=X. (2)

The excluded mean of opinions indicates the average opin-
ions of the group, whereas the extended-variance in the
scores indicates the degree of inconsistency (disagreement
or fluctuations) of the opinions of the evaluators. The low
variance indicates a high consistency in the opinions, whereas
the high variance implies a low consistency. Thus, the mean
opinion (μi) alone of each evaluator is not a true indicator of
the group opinion. Therefore, the excluded mean is further

weighted by a function of excluded-variance, a variance
influence function (VIF). One can formulate many types of
VIF. One of the VIFs that we use in this paper is defined as

f (αvi) = exp(−αvi), (i = 1, 2, . . . ,m), (3)

where exp(−αvi) is an exponential function, and α is the gain
that provides the importance to VIF as shown in Figure 3.

It should be noted that a large difference of opinions will
yield a large excluded-variance vi and, as shown in Figure 3,
as excluded-variance vi increases, the significance of the
evidence ( f (αvi)) decreases. Also, as shown in this diagram,
as the gain α changes, the significance of the relationship
changes. The preprocessor of E-MVNDA is illustrated in
Figure 4.

As found in the literature, current decision-making
processes consider only the conventional mean of the indi-
vidual scores, which does not quite reflect the nature of the
evaluations. In this proposed approach, in the preprocessor
we compute excluded mean (μi), excluded variance (vi), and
VIF ( f (αvi)) for each individual piece of evidence, and then
finally compute u, the input to neural decision processor
(NDP), which is a product of μi and f (αvi). In group
decision making, this process of computing neural input u
more accurately represents the nature of decision making, in
the statistical sense. The excluded-variance vi for each piece
of evidence is determined by the spread of the evaluators’
subjective evaluations for some particular evidence. In a
group decision making process, it is commonly observed
that some evaluations are very close (low variance), whereas
some evaluations are very much diverse (high variance). It is
also to be noted that the diversity (fluctuation) of evaluations
for certain evidence arises due to the different experiences,
subjectivity and cognitions of individual evaluators. In order
to assess the agreement of evaluations for each piece of
evidence, it is necessary that some weight be assigned to
each piece of evidence in the evaluation process. This basic
principle of variance influence function (VIF) is expressed as
follows.

(i) If the evaluations for a piece of evidence are in general
agreement, then the excluded-variance is relatively
low, and, thereby, the influence of that evidence
should be high.
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Figure 3: A variance influence function (VIF, f (αvi)) that decreases
exponentially with increasing excluded-variance vi. The gain α rep-
resents the importance of the variance, (3). As α increases, the slope
of the VIF becomes steeper.

(ii) If the evaluations for a piece of evidence are not
in general agreement, then the excluded-variance is
relatively high, and, thereby, the influence of that evi-
dence should be low.

2.2. Neural Decision Processor (NDP). In general a neural
network (NN) is composed of many neural layers, and
each neural layer has many neural units. NN is one of
the most powerful tools for classification. It provides a
superior procedure for identification and classification and
has therefore been used widely in this type of research [5]. A
neural unit was inspired by the study of biological neurons
such as the synaptic operation and the somatic operation. In
the synaptic operation, new input information is perceived
through the memory cell (neural weight, w). In the somatic
operation, the perceived information is processed by a linear
or nonlinear mapping function (Φ[·]). A sigmoidal function
is commonly applied for a mapping function due to its
special characteristics exhibiting a progression from a small
beginning to an accelerated end as natural processes [6].

Considering the special features of conventional NN,
we propose a neural decision processor (NDP) for group
decision making as shown in Figure 5. The NDP presented in
this paper is composed of two neural layers. The first neural
layer is the category layer, and the second one is the decision
layer [7, 8].

A general structure of a neural unit is illustrated in
Figure 6. A neural unit is composed of two operations, the
synaptic operation and the somatic operation. The synaptic
operation is the sum of products of neural inputs (u) and
neural weights (w) which represent the past experiences. The
somatic operation is a nonlinear mapping process. In the
following, we briefly define the synaptic and somatic oper-
ations.

Let us consider a set of neural input vector, u, consisting
of m neural inputs, defined as

u = {u1,u2, . . . ,um} ∈ Rm (4)

and, a set of corresponding neural synaptic weight vector, w,
defined as

w = {w1,w2, . . . ,wm} ∈ Rm. (5)

In synaptic operation, we consider a threshold (bias) as
u0 = 1 with a weight w0. Combining this threshold (u0) with
the neural inputs (ui, i = 1, 2, 3, . . . ,m), an augmented neural
input vector ua and an augmented neural weight vector wa

are defined as

ua = {u0,u1,u2, . . . ,um} ∈ Rm+1, u0 = 1,

wa = {w0,w1,w2, . . . ,wm} ∈ Rm+1.
(6)

Now, the synaptic and the somatic operations are defined
as follows.

Synaptic operation:

z =
m∑

i=0

wi · ui = wT
a · ua. (7)

Somatic operation:

y = Φ
[
g · z], (8)

where g is the somatic gain
The input to the NDP is the output vector from the

preprocessor. As explained in the previous section, the
statistical fluctuations in group opinions can be dealt with
by the variance influence function (VIF) in the preprocessor.

In this neural decision processor (NDP), the category
layer is determined by the process of group decision making.
In most cases, the evidence identified as relevant will have
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some common features. Therefore, the pieces of evidence
that have common features are grouped into a class of cate-
gory. In this study, we define a category layer which classifies
evidence in q categories (C1,C2, . . . ,Cq). Furthermore, each
such evidence is weighted by different values (weight, w)
in different categories. For example, the evidence F1 can be
classified into category C1 as well as in C3; however, the
corresponding weights of F1 in C1 and C3 may be different
due to the degree of importance of F1 in each category. The
weights (w) of the neural units in the category layer are
preassigned by unanimous group assessments. The number
of neural units in the category layer is determined by the
number of categories of evidence.

Finally the decision layer of NDP accumulates the infor-
mation (h) from each neural unit in the category layer. In this
layer, the importance of the categories is ranked by assigning
different weights. The neural weights (w) in this decision
layer are also preassigned by the members of a group.

The excluded-mean variance neural decision analyzer (E-
MVNDA) proposed in this paper is an analytical tool to
aid in a group decision making process. This is a generic
mathematical decision analysis model that can be applied in
a variety of real life decision making processes in a qualitative
language (fuzzy) environment.

3. A Case Study: New Product Development

In industries, it is fundamental to determine if a new product
can be competitive and/or successful in the market before
deciding a new product line. Accurate decision making on
the new product development becomes more important, and
a committee of experts evaluates the idea of the new product
under the confluence of various pieces of evidence/factors.
Recently, many applications of fuzzy set theory employing
evaluations and survey analysis have been used in industrial
engineering research [9–11].

We apply E-MVNDA to a group decision for the devel-
opment of a new product with 50 evaluators and 14 factors
(characteristics of the product) on the new product. A survey
(benchmark) was carried out using these 50 evaluators, and
their evaluations were expressed by scores over the interval
[−10, 10] as shown in Table 2.

Table 2 shows the evaluation for each piece of evidence
by individual evaluators as well as the calculated statistical
parameters, excluded-mean (µ), excluded-variance (v) and
variance influence function (VIF), for each factor (evidence).
“X” mark in the table implies “irrelevance”, and it indicates
“no evaluation” which may occur during the evaluation of
factors (evidence) as discussed earlier.
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Table 2: Evaluation of factors (evidences) and pre-processing (excluded mean, excluded variance, and variance influence function) of each
factor (evidence). (number of factors (evidences), m = 14; number of evaluators, n = 50.)

Evaluation

Evaluators Preprocessing

Evidences
(factors)

E1 E2 · · · E49 E50
Excluded mean

(μ)
Excluded variance

(v)

Variance influence function (VIF)
( f (αv))
(α = 1)

F1 5 X · · · 3 1 1.93 7.97 0.3

F2 −1 X · · · −2 −8 −2.26 6.82 1.1

F3 −1 5 · · · X 1 2.61 9.98 0

F4 X 1 · · · −1 X 0.05 2.27 102.8

F5 −6 −3 · · · 1 −4 −2.9 7.74 0.4
...

...
...

...
...

...
...

...
...

F13 4 2 · · · 2 X 3.54 11.54 0

F14 3 7 · · · 7 2 3.82 9.22 0

(“X” represents “irrelevant”. The complete table is presented in Table 3.)

In this case study, for each neural unit in the category
layer, we assigned an equal weight, w = 1, for all the factors
(evidence) in that category with the threshold w0 = 0, and in
the somatic operation, a linear mapping function with gain
g = 1 was assigned.

For this particular case study having 14 pieces of
evidence, we classified these pieces of evidence into four cat-
egories with the weights in the decision layer as follows:

(i) Category 1 (C1): F2, F5, F6, F7, F8, F9 and F11, w1 =
15.

(ii) Category 2 (C2): F2, F3, F5, F6, F7, F9, F11, and F12,
w2 = 10.

(iii) Category 3 (C3): F2, F5, F6, F7, F9, F11, and F13, w3 =
5.

(iv) Category 4 (C4): F1, F4, F10 and F14, w4 = 1.

It should be noted that some of the evidence is common
to various categories, for example, F2 is included in categories
C1, C2 and C3. In this case study, we assume that in the
synaptic operation, the threshold w0 = 0, and in the somatic
operation, the mapping function Φ(gz) = 100 tanh(gz) with
gain g = 0.5.

The output Φ of E-MVNDA is a bipolar function over
the interval [−100, 100], where a negative value represents
the “negative” decision with a confidence level between
[−100%, 0%], and a positive value implies the “positive”
decision with a confidence level between [0%, 100%], where-
as Φ = 0 implies a neutral decision. In our decision making
process, to achieve some meaningful results, we define the
confidence zone over the interval ±ρ%, for example, in this
study we set ρ = 30.

3.1. Validation of E-MVNDA with Group Decision. In order
to validate our proposed model, we compare the benchmark
group decision and the result of E-MVNDA. In the group
decision making, an individual member of the group pro-
vides his decision in the form of “Yes” or “No”. If the number
of “Yes” is Y , and the number of “No” is N , then we define
the confidence level η as

η = Y −N

Y + N
× 100 (%). (9)

A positive η implies a positive decision (Yes), and a negative
η represents a negative decision (No).

In this benchmark group survey with 50 evaluators
shown in the last column of Table 3 22 evaluators voted “Yes”
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and 28 voted “No” for the proposed new production line.
This implies that a “negative” decision was made with the
confidence level, ((22− 28)/50)× 100 = −12%. This “nega-
tive” decision with low confidence (−12%) is not within the
significant level. For the validation of E-MVNDA presented
in this study, if the results from E-MVNDA are similar to that
of the benchmark group decision, then, we can safely rely on
our proposed E-MVNDA configuration.

For the E-MVNDA process, first, in the pre-processing,
we computed excluded mean μ, excluded variance v, and
variance influence function (VIF, f ) with gain α = 1. Fol-
lowing this, the outputs of the preprocessor were fed to the
neural decision processor (NDP) with assigned weights (w)
in the category and the decision layers.

As shown in Figure 7, after the decision making process
of the E-MVNDA, the decision value (judgment) becomes
−0.23 which implies that the E-MVNDA reflects a “negative”
decision with the confidence level−11.6% which is very close
to the decision of the benchmark group (−12%) as well.

As shown in Figure 7, the decisions from E-MVNDA as
well as the benchmark group lie approximately in the same
low confidence level, and the group decision may easily be
changed from positive to negative or negative to positive
when some of the evaluators change their opinions. In the
lower confidence level, the decisions are not very well
defined.

3.2. Fact-Finding Process of Individual Evaluator by E-
MVNDA: A Feedback Process in Decision Making. After val-
idating the E-MVNDA with the benchmark group decision,
all of the evidence could be ranked by the values of neural
weights in the category and the decision layers. The process
of making such rankings in itself would aid the decision
maker in his/her thinking. “Did the evaluator place too much
emphasis on that evidence?” is a question that would then be
open to meaningful review, either by others or individuals
alone. The exploration of an evaluation is called the “fact-
finding process” which is a feedback (review) process in
decision making. Thus, we applied E-MVNDA to review the
decision of an individual evaluator. In this review process,
the decisions of individual evaluators were examined with
feedback by varying their evaluations on certain pieces of
evidence. The results of the pre-processing shown in Table 3
show that F4 and F10 give the lowest values of excluded-
variance v, thereby, the highest values of variance influence
function (VIF, f ), which indicates that these two pieces of
evidence were the most dominating features in this decision
making.

In this case study, we explored E1’s evaluation. Before
changing the evaluations, we found that the decision con-
fidence of E1 was −14%. After changing the evaluations by
varying the factors F1 and F10, the confidence level of E1’s
decision varies. The changes that result in E1 by varying the
scores of F1 and F10 are shown in Figure 8 and Figure 9,
respectively.

The lower weighted evidence has little effect on the indi-
vidual decision process. As shown in Figure 8, the decision
changes of E1 with different evaluations of F1, the yellow
(bigger) circles are accumulated closely at certain confidence
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Figure 7: Group decisions by E-MVNDA and benchmark. In this
study, both decisions of E-MVNDA and benchmark lie in the lower
confidence zone.
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Figure 8: Fact finding of evaluator E1 by varying the evaluation
of factor F1 over the interval [−10, 10]. Before changing the score
of the factor F1, the confidence of the decision of evaluator E1 is
−14%. After changing the score of the factor F1, the confidence
level of the decision of evaluator E1 varies only over a small range of
[−13.96%,−13.37%].

levels, which indicates that the decisions of E1 are mostly
the same regardless of E1’s evaluations of F1. The changes
of F2, F3, F5, F6, F7, F8, F11, F12, F13, and F14 result in
similar outcomes. However, the other evidence (F4,F9, and
F10) played a significant role in E1’s decision making.

In Figure 9, the changes in decision of E1 caused by
varying F10 are described. The yellow (bigger) circles are
widely distributed over the confidence levels of [−98.26%,
97.02%], which indicates that the decisions of E1 is actually
being altered with different evaluations of F10. The changes
that arise by varying F4 and F9 result in similar outcomes.
This observation implies that a change in the decisions by
other evaluators in a group may result in a similar wide
distribution over the confidence level.
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Table 3: Evaluation of factors (evidences) and pre-processing (excluded mean, excluded variance, and variance influence function) of each
factor (evidence), and individual decisions. (number of factor (evidence), m = 14; number of evaluators, n = 50.)

Evaluators
Evidence/factors

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14

Individual
decision

E1 5 −1 −1 X −6 −5 1 3 X X −2 1 4 3 No

E2 X X 5 1 −3 −2 −2 5 −5 −1 4 5 2 7 No

E3 −3 −4 9 2 −2 −1 −7 9 X 1 −2 6 −1 4 Yes

E4 5 −2 X 1 −6 −4 1 10 X −1 −3 2 6 5 Yes

E5 1 −1 4 X X −5 −2 −1 −2 X X 5 X −1 No

E6 2 −1 5 −3 −1 −6 X 2 X X −1 6 1 5 No

E7 −2 −2 3 1 −6 1 −2 2 −2 2 −4 3 6 4 No

E8 3 −1 2 X −4 2 −4 5 1 X 1 5 −1 X No

E9 4 −3 2 1 X −1 X 8 −4 1 1 −7 8 2 Yes

E10 4 −2 −2 −1 −7 1 −1 6 −1 X 3 5 4 7 Yes

E11 2 1 5 1 −4 6 −4 5 −5 X −6 4 −2 X Yes

E12 5 −5 3 1 −3 X −4 3 −2 X X 1 6 5 Yes

E13 X −3 −2 1 X X −3 4 −1 2 −3 2 6 3 Yes

E14 −1 2 X 2 −5 1 2 6 −1 1 7 5 7 5 Yes

E15 3 −5 −1 −1 −7 2 −2 10 −2 1 1 X 2 9 Yes

E16 X −2 8 X −6 −1 X 7 1 −1 X X 7 7 Yes

E17 1 3 4 −1 4 −4 5 5 −2 1 −4 1 6 7 Yes

E18 5 1 −2 1 −4 −2 1 −1 3 1 −1 3 2 9 Yes

E19 −2 −5 5 1 −6 4 −1 3 −3 1 −1 8 8 4 Yes

E20 3 −4 7 3 −5 1 −6 10 −2 X X −2 −2 3 No

E21 6 −3 5 −1 X 3 −4 10 −1 1 2 −6 8 −1 Yes

E22 −1 −2 −1 X X −2 −2 3 X 1 X −4 9 3 No

E23 3 X 1 1 −3 −1 4 5 X X 1 3 10 4 Yes

E24 X X 6 1 X 3 −3 X X 1 1 −4 5 2 No

E25 7 −7 1 1 3 −2 −6 1 −5 X X −1 7 3 No

E26 4 2 2 X −6 −6 X 7 −1 2 4 3 5 1 No

E27 5 −2 −2 2 −6 −2 −7 2 −4 X X −2 1 6 No

E28 2 −7 2 −1 X −1 −8 9 1 1 5 5 X 6 No

E29 X −6 1 −1 X X 3 7 −3 2 −1 3 2 5 No

E30 1 −3 1 −1 −4 2 3 4 4 X −6 7 1 9 No

E31 2 −3 2 X X −1 −10 10 −1 1 −1 2 1 2 No

E32 1 −1 1 −1 −3 1 −3 7 1 −1 −3 X 8 5 Yes

E33 3 4 3 −2 −3 −2 −4 8 −4 X −4 2 6 −1 No

E34 −1 −2 3 X −1 −1 −1 8 −2 1 −2 −1 −1 2 No

E35 −1 −5 3 X 1 2 −5 8 X X 3 1 1 7 Yes

E36 X −5 7 X −5 3 3 3 −2 X 4 −4 4 −3 No

E37 −3 −4 X 1 −2 −1 −2 3 X X 6 X −1 7 No

E38 X 1 6 1 −3 −4 −7 9 2 X 2 9 4 X Yes

E39 3 −1 2 −2 −3 X 3 −2 −1 X −4 4 9 −1 No

E40 X X 1 X −2 −1 −2 3 −3 −1 −1 4 2 X No

E41 −2 −1 −1 X 1 −4 −6 10 −2 X 1 5 3 X No

E42 5 −6 −3 2 −4 −3 −2 7 −2 1 −2 4 6 −3 No

E43 X −2 4 −1 −2 −3 −8 1 4 X −1 −2 −1 1 No

E44 4 −1 2 −3 2 X −2 5 −1 X 1 8 3 X Yes

E45 −1 −1 4 −1 −3 X −2 6 X X 1 4 X 6 Yes

E46 −4 −2 8 −2 2 X 1 4 1 X 1 3 1 3 Yes

E47 6 −1 9 1 −2 X −8 6 −1 2 −3 −3 1 4 Yes
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Table 3: Continued.

Evaluators
Evidence/factors

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14

Individual
decision

E48 1 −2 −2 −1 −2 −5 −3 5 1 X −3 −4 −2 4 No

E49 3 −2 X −1 1 1 1 −1 2 −1 −3 −1 2 7 No

E50 1 −8 1 X −4 1 −4 3 −2 −2 −4 3 X 2 No

μ 1.93 −2.26 2.61 0.05 −2.90 −0.86 −2.37 5.14 −1.15 0.62 −0.37 1.98 3.54 3.82

v 7.97 6.82 9.98 2.27 7.74 8.13 12.77 10.58 5.26 1.37 9.91 14.69 11.54 9.22

f (×10−3) 0.3 1.1 0 102.8 0.4 0.3 0 0 5.2 255.1 0 0 0 0

“X” represents “irrelevant”.
(Note that the two highest values of the VIF corresponding to the two lowest variances are indicated in bold and italic).
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Figure 9: Fact finding of evaluator E1 by varying the evaluation of
factor F10 over the interval [−10, 10]. Before changing the score of
the factor F1, the confidence of the decision of evaluator E1 is−14%.
After changing the score of the factor F10, the confidence level of
the decision of evaluator E1 varies over a large range of [−98.26 %,
97.02%].

4. Conclusions

In this paper, we have introduced a novel approach for a
group decision making process, namely the excluded-mean-
variance neural analyzer (E-MVNDA). This is accomplished
by employing a new neural approach for quantitative group
decision making. The key idea of this proposed approach is to
update the output of the preprocessor by applying a variance
influence function (VIF) which emphasizes the importance
of each piece of evidence, thereby reducing the statistical
uncertainty that occurs in the process of transforming
qualitative expressions to quantitative scoring. This improves
the evaluations in group decision making processes.

A case study of a group decision making of a “Yes” or
“No” variety on a new product development was carried out
to demonstrate the application of E-MVNDA. The proposed
decision analysis algorithm outlined in this paper provided
more information and a more secure outcome. The results
from this study show that E-MVNDA can assist such decision
making processes. The result of E-MVNDA reveals and
identifies which variances of which evidence can impact the

process in group decision making. Further, E-MVNDA was
applied to an individual fact-finding process as a review
process using the outcomes from the group decision, which
represents a feedback process during a decision making
process. E-MVNDA shows how the individual decision could
be changed by altering the evaluation of certain evidence.
After changing individual decisions, the group decision may
also be changed. The advantage of applying E-MVNDA in a
process of group decision making is that it allows for more
precisiation [12, 13], without losing the fuzzy richness of the
reality under consideration.

In summary, E-MVNDA can assist decision makers by
this process of weighting and ranking the evidence they rely
upon. E-MVNDA is a useful tool to be applied for deci-
sion making in qualitative language environments such as
business, law, or public policy.
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We present a novel failure analysis approach combining structural properties of stochastic Petri Nets and flexibility of fuzzy logic.
Firstly, we develop a powerful fuzzy ranking technique. We analyze major drawbacks of existing ranking techniques. Then we
demonstrate the capabilities of the presented algorithm to overcome such drawbacks. The approach considers weight, spread, and
difference of x coordinate of the center of gravity (COG) point of each fuzzy number and is able to deal with a wide variety of fuzzy
numbers. Using this technique, we utilize isomorphism between stochastic Petri Nets and their corresponding Markov chains and
present a failure analysis algorithm incorporating some critical factors. This algorithm can be implemented in diverse industrial
applications.

1. Introduction

Failure can be defined as any unwanted deviation from the
desired predetermined plan, which may lead to any kind
of human injuries or damages of machines. In order to
perform corrective actions, prioritizing failures is necessary.
One of the most popular risk analysis procedures aiming
to prioritizing failure states is Failure Mode and Effect
Analysis (FMEA) which is based on three factors of severity,
detectability, and occurrence of failure. This method was
introduced in 1960s. Its wide applications are documented by
Braglia et al. [1] and Stamatis [2]. Process of calculating risk
priority numbers in this method consists of multiplication of
the three-mentioned risk factors. It is apparent that various
combinations of risk factors may lead to a constant risk
priority number. This is the most critical challenge FMEA
faces. However, there are many other weaknesses in this
method which makes it impractical in real world problems
[3, 4].

Up to now, many different approaches have been pre-
sented to overcome the limitations of FMEA. These methods
rely on diverse techniques such as grey theory [4], Bayesian
Nets [5], Monte Carlo simulation [6], Markov models [7],
and fuzzy logic [8]. Among all these techniques, fuzzy logic

has been extensively applied in risk analysis. Fuzzy logic is
capable of handling vagueness of human suggestions; so that
it is useful in prioritizing risky behaviors of the systems.

Fuzzy risk analysis is a new field firstly introduced
by Schmucker [9]. This method is similar to traditional
FMEA; however, risk parameters are fuzzy numbers. Fuzzy
arithmetic is used to obtain fuzzy risk priority numbers. This
method is rather versatile although suffers from ignoring
many critical risk parameters. Using fuzzy risk analysis
and fuzzy arithmetic, many different researches have been
performed so far. Among them, combination of fuzzy risk
analysis and ranking methods are extensively studied. Based
on Schmucker [9], a fuzzy risk analysis method using
signal/noise ratio was presented by Chen and Wang [10], in
which fuzzy risk priority numbers were ranked by this ratio.
Different kinds of fuzzy numbers such as generalized ones
and their application in safety analysis are investigated by S.
M. Chen and J. H. Chen [11, 12]. Application of similarity
measures between fuzzy numbers is investigated in [11–13].
The fuzzy risk analysis method proposed by Schmucker [9] is
widely utilized in so many researches performed so far. Fuzzy
risk analysis methods are based on either ranking techniques
or similarity measures, with differences only in prioritization
style. In ranking based methods fuzzy risk priority numbers
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(FRPN) are ranked by different ranking techniques; while
in similarity based techniques, the same FRPN are ranked
by measuring the similarity level between FRPN and some
predetermined linguistic variables.

Failure analysis techniques traditionally rely on static
evaluation of systems, which fails in tracking risky behaviors.
Hence, implementing dynamic tools to enable auditors to
monitor systems dynamically seems beneficial. One of the
most common tools in modeling dynamic systems are Petri
Nets (PN) [21, 22]. PN are powerful modeling methods
which can simulate behaviors of systems dynamically in such
a way that different states of the system can be visualized.
There are many different versions of Petri Nets including
timed, stochastic, and colored. In stochastic Petri Nets
firing of transitions depend on a stochastic variable with
exponential distribution.

In this paper, we introduce a novel failure analysis
method in which the Petri Net model of the system is
constructed. This model includes different potential risks.
According to isomorphism between live bounded stochastic
Petri Nets and Markov chains, fuzzy steady state probabilities
are calculated in the form of generalized trapezoidal fuzzy
numbers. In these fuzzy probabilities, the weight of each
fuzzy number is a combination of several new risk factors.
Finally, these fuzzy probabilities are ranked by a new
powerful fuzzy ranking method.

The rest of the paper is structured as follows. In Section 2,
the bases of Stochastic Petri Nets (SPN) are given. SPN
with fuzzy parameters and their application in safety analysis
of the systems are summarized in Section 3. In Section 4,
a novel ranking method of generalized fuzzy numbers is
presented and compared with other methods in the field.
In Section 5, we deal with a risk prioritizing method using
SPN and generalized fuzzy numbers which opens a new
field in risk prioritizing techniques literature. In Section 6,
an illustrative example is presented to clarify the methods
proposed in the paper. The paper is concluded in Section 7.

2. Stochastic Petri Nets

SPN are a family member of Petri Nets in which firing rates
are exponentially distributed. Before introducing SPN, we
present the definition of Petri Nets introduced by Petri [23].
Petri Net (PN) Z = (P,T , I ,O,m) is a five-tuple, where

(1) P = {p1, p2, . . . , pn},n > 0 is a finite set of places
pictured by circles,

(2) T = {t1, t2, . . . , ts}, s > 0 is a finite set of transitions
pictured by bars,

(3) I = P × T → N is an input function that defines
the set of directed arcs from P to T where N =
{0, 1, 2, . . .},

(4) O = T×P → N is an output function that defines the
set of directed arcs from T to P,

(5) m : P → N is a marking whose ith component repre-
sents the number of tokens in the ith place. An initial
marking is denoted by m0. The tokens are pictured by
dots.

PN are able to model systems dynamically. One of the
crucial drawbacks in utilizing ordinary PN is their inability in
handling some important factors such as time and vagueness.
To solve such problems various kinds of nets such as timed,
fuzzy, and stochastic PN have been developed.

In SPN, the set of firing rates Λ = (λ1, λ2, . . . , λs) are
exponentially distributed, such that each transition can be
fired only after an exponentially distributed time delay with
parameter 1/λ elapses.

An important aspect of stochastic PN is their iso-
morphism with Markov chains. It has been proved that
live and bounded SPN are isomorphic to continuous-time
Markov chains [24]. This important property makes SPN
analysis straightforward. In SPN, each marking of the net
is equivalent to the states of its corresponding Markov
chain. Therefore, some important factors, like steady state
probabilities, are easily computed. Here, we present the
formal definition of SPN.

A SPN Z = (P,T , I ,O,m0,Λ) is a six-tuple, where

(1) P = {p1, p2, . . . , pn},n > 0 is a finite set of places,

(2) T = {t1, t2, . . . , ts}, s > 0 is a finite set of transitions
with P ∪ T /=∅, and P ∩ T = ∅,

(3) I = P × T → N is an input function that defines
the set of directed arcs from P to T where N =
{0, 1, 2, . . .},

(4) O = T × P → N is an output function that defines
the set of directed arcs from T to P,

(5) m : P → N is a marking whose ith component repre-
sents the number of tokens in the ith place. An initial
marking is denoted by m0, and

(6) Λ : T → R+ is a firing function whose ith component
represents the firing rate of the ith transition where
λi denotes the firing rate of ti and R+ is the set of all
possible real values.

Firing rules in SPN are simply similar to ordinary PN
with a difference only in firing times of transitions. In SPN,
when a transition is enabled, all tokens in the upstream
places remain in their places until the firing time of the
corresponding transition elapses; then the tokens deposited
in upward places are removed and added to all downward
places of that transition.

In order to construct the corresponding Markov chain of
SPN, the reachability graph of the net must be constructed
first. Then using (1), the steady state probabilities can be
calculated,

ΠQ = 0,
s∑

i=0

πi = 1 (1)

in which πi is the probability of being in state Mi; and
Π = (π1,π2, . . . ,πs). From steady state distribution Π, this is
possible to predict the performance of the system. For more
details the reader is referred to Bause and Kritzinger [25].
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Figure 1: A generalized trapezoidal fuzzy number.

3. Stochastic Petri Nets with Fuzzy Parameters

Safety is the knowledge of utilizing recorded data to predict
potential failure in future. In normal conditions, failures
occur rarely. Thus, expertise in predicting the frequency of
different failure states is necessary. Suggestions by experts
are usually vague and do not include specific numerical
values and are given often in linguistic variables. Classical
mathematics faces difficulties in handling nondeterministic
values. Fuzzy set theory is a powerful method for handling
vague conditions.

In this paper, according to vagueness of experts’ knowl-
edge in predicting failure rates of different risky states, we
propose a new approach to determine fuzzy steady state
probabilities based on generalized fuzzy numbers.

As explained earlier, SPN are isomorphic to continuous-
time Markov chains; thus steady state probabilities can
be computed by dominating rules on Markov chains. We
consider the failure rates of each potential risk in the system
as a fuzzy number. Let us introduce some notations used in
the rest of the paper; for more information, see [26].

Definition 1. A fuzzy number is a convex normalized fuzzy
set M̃ of the real line R such that

(1) there exists exactly one x0 ∈ R with μm̃(x0) = 1 (x0 is
called the mean value of M̃);

(2) μm̃(x0) is piecewise continuous.

For the sake of computational efficiency, some special
forms of fuzzy numbers with triangular or trapezoidal
membership functions are used. Sometimes, a more general
form of fuzzy numbers is needed. For instance, in this
paper, generalized fuzzy numbers are used with the extra
feature of weighted membership functions. Their generality
is according to the weight of the mean value or the
supremum of their membership function. In Figure 1 a
generalized trapezoidal fuzzy number is depicted.

Definition 2. An alpha cut (α-cut) of a fuzzy number Ã, if it
is a subset of the set Ω, is defined as:

Ã(α) =
{
x ∈ Ω | Ã(α) ≥ α

}
0 < α ≤ 1. (2)

On the other hand, each fuzzy number can be represented by
its alpha cut. For example, in a fuzzy number Q̃ we have

Q̃(α) = [
q1(α), q2(α)

]
(3)

in which values of q1(α) and q2(α) are the lower and upper
bounds of this alpha cut, respectively.

Fuzzy arithmetic offers two concepts: extension principle
and operations between alpha cuts. In this paper, we rely on
the second concept since it can be adapted by the extension
principle; in addition, incorporating alpha cuts is easier.

Let us consider two fuzzy numbers Ã and B̃ and their
alpha cuts Ã(α) = [a1(α), a2(α)] and B̃(α) = [b1(α), b2(α)],
respectively. Operations between fuzzy numbers in the
framework of alpha cuts are

Ã(α) + B̃(α) = [a1(α) + b1(α), a2(α) + b2(α)],

Ã(α)− B̃(α) = [a1(α)− b2(α), a2(α)− b1(α)],

Ã(α) · B̃(α) = [c(α),d(α)]

(4)

in which,

c(α)=min{a1(α)b1(α), a1(α)b2(α), a2(α)b1(α), a2(α)b2(α)},
d(α)=max{a1(α)b1(α), a1(α)b2(α), a2(α)b1(α), a2(α)b2(α)}.

(5)

The dividing operation among fuzzy numbers is defined as

Ã(α)

B̃(α)
= [a1(α), a2(α)] ·

[
1

b2(α)
,

1
b1(α)

]
. (6)

4. Ranking Method of Generalized
Fuzzy Numbers

Application of fuzzy sets theory in reliability and safety
engineering has been an active field of research in recent
years. One of the most alluring fuzzy techniques is ranking
of fuzzy numbers. Chen and Wang [10] proposed a fuzzy risk
analysis method based on signal/noise ratio. For more details,
reader is referred to [11–13].

In this section, we propose a novel approach for ranking
generalized trapezoidal fuzzy numbers. This approach will be
used for risk analysis in the following sections. The algorithm
is as follows.

Step 1. Consider the generalized fuzzy number Ãi =
(ai1, ai2, ai3, ai4;wÃ). Use (7) for standardizing the general-
ized fuzzy number

Ãi∗ =
(
ai1
k

,
ai2
k

,
ai3
k

,
ai4
k

;wÃi∗

)
,

k = maxi j
(⌈∣∣
∣ai j

∣∣
∣
⌉

, 1
)
.

(7)
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Table 1: Comparison results of Figure 2.

Ranking method Ã B̃

S. M. Chen and J. H. Chen [11] 0.1375 0.1375
The proposed method 1.68486 0.30964

Step 2. Calculate the center of gravity point of the standard
fuzzy number, (7),

yÃi∗ =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

((ai3 − ai2)/(ai4 − ai1) + 2)wÃi∗

6
ai1 /= ai4,

wÃi∗

2
, ai1 = ai4,

xÃi∗ =
yÃi∗ (ai3 + ai2) + (ai4 + ai1)

(
wÃi∗ − yÃi∗

)

2wÃi∗
.

(8)

Step 3. Calculate the standard deviation of each standardized
fuzzy number,

STDÃi∗ =

√
√√
√
∑4

j=1

(
a∗i j − xÃi∗

)2

4− 1
.

(9)

It is apparent that the interval of the obtained standard
deviation is [0, 1.1547]. Variation of a crisp value is zero
and variation of the generalized fuzzy number (−1, −1, −1,
−1:w) is 1.1547.

Step 4. Calculate the difference of x coordinate of each fuzzy
number from the least value,

α = x∗ − x∗min

x∗max − x∗min
if x∗min /= x∗max (10)

in which

x∗max = Max
{
xÃ1∗ , xÃ2∗ , . . . , xÃn∗

}
,

x∗min = Min
{
xÃ1∗ , xÃ2∗ , . . . , xÃn∗

}
,

α = 0 if x∗min = x∗max /= 0,

α = 0.5 if x∗min = x∗max = 0.

(11)

Step 5. Calculate the ranking value of each standard general-
ized trapezoidal fuzzy number,

RankÃi∗ =
xÃi∗

(
wÃi∗ + 1

)
+ α

1 + STDÃi∗
. (12)

Notation 1. The proposed ranking method concentrates on
crisp value of the fuzzy number in contrast to its deviation.

Example 3. In order to demonstrate the capabilities of the
method we have compared the ranking output with six
other important and common ranking techniques. This
comparison is performed for two groups of fuzzy numbers,
Figures 2 and 3.

The ranking is shown and compared for the first group
in Table 1. This is clear that S. M. Chen and J. H. Chen [11]

1

0.8

0.2

0.2 0.4 0.6 0.8 1

˜B

˜A

Figure 2: Group 1: Two generalized triangular fuzzy numbers.
Both deviations and (mean value × weight) are the same for both
numbers.

method fails to rank the fuzzy numbers Ã and B̃. This is the
case whenever the deviations and (mean value × weight) are
the same for fuzzy numbers, [27].

It is noteworthy to mention that in our proposed
method, crisp value of the fuzzy number has priority over its
deviation and spread. Therefore, the number Ã has priority
over the other fuzzy numbers.

The second group, Figure 3, consists of eight sets of fuzzy
numbers with different shapes and deviations suitable to
evaluate our ranking algorithm [12]. Table 2 gives the result
of ranking for this group, ranked using the proposed method
and seven different algorithms presented in the literature.
The highlighted items indicate invalid ranking by different
algorithms. Cheng’s method [14] and Chu’s method [15]
cannot rank fuzzy numbers of the second and third sets.
Murakami’s technique [16] gives the same result for the two
members of set 3. Yager’s method [17], as one of the most
common ranking techniques, gives the same result for set 2,
set 3, and set 4. This shows that this algorithm is not capable
of ranking fuzzy numbers in general. All these algorithms fail
in ranking of fuzzy numbers in the set 5. S. J. Chen’s and S. M.
Chen’s method [18] ranks the numbers correctly; however,
the ranking scores are very close to each other. For sets 2 and
6, Lee and Chen’ method [19] ranks the fuzzy numbers in an
incorrect order.

As noted before, the main focus of the method proposed
in the current paper is on crisp values of fuzzy numbers; that
is why S. M. Chen’s and J. H. Chen’s method [11] has a valid
but different ranking result. The latter method puts priority
on variation and spread of numbers instead of their crisp
values.

According to the results presented in Table 2, Figure 5
shows the percentage of correct answers of the compared
methods. It can be seen that only the proposed method and
the approach proposed by S. J. Chen and S. M. Chen [18] has
successfully solved the entire fuzzy sets of Figure 3.

Example 4. One of the latest fuzzy risk analysis approaches,
based on ranking fuzzy numbers, is presented in [20], in
which the ranking technique is based on the areas between
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Figure 3: Group 2: seven sets of fuzzy numbers used to test the ranking algorithm [12].

the left and the right parts of the membership function of
each fuzzy number with 1 and −1 as possible infimum and
supremum values of fuzzy numbers. However this approach
is not able to deal with symmetric fuzzy numbers. In
such cases, the result of ranking for each symmetric fuzzy
number will be zero. For example, consider two symmetric

generalized fuzzy numbers Ã = (−0.8, 0, 0, 0.8; 0.5) and B̃ =
(−0.5, 0, 0, 0.5; 0.7) as depicted in Figure 4. Table 3 compares
the results using Chen and Sanguansat method [20] and the
current algorithm. It is clear that the Chen and Sanguansat
method [20] is not able to rank symmetric generalized fuzzy
numbers.
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Figure 4: Two symmetric fuzzy numbers.
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Figure 5: Percentage of correctness of the compared method
according to Table 2.

Table 3: Ranking of numbers given in Figure 4.

Ranking method Ã B̃

Chen and Sanguansat [20] 0 0
Current paper 0.3024 0.3464

5. Risk Prioritizing

Modeling complex systems using ordinary Petri Nets is a
daunting task, since implementation of some concepts such
as time, possibility, and probability is not considered in
the initial definition of ordinary PN. Generally, analysis
of complex systems includes two kinds of uncertainties
[18]: stochastic situations and fuzzy states. For stochastic
situations the behavior of system parameters is described
by probability distribution functions. In other words, this
kind of uncertainty models randomness. On the other hand,
uncertainty in fuzzy form models the level of measure-
ment accuracy using linguistic structures and insufficient
information. There are many inaccuracy sources in systems,
such as inaccurate internal operations. In some cases,
uncertainty is the result of both randomness and inaccuracy,
simultaneously. In stochastic PN, where time is the only

existing stochastic parameter, system delays can be described
by probability functions. It is worth to note that during
system analysis, existing uncertainties may be hidden in
the final results. Therefore, utilizing fuzzy set theory is an
important alternative to overcome this drawback.

Although the dominant paradigm in describing uncer-
tainties of models is stochastic modeling based upon prob-
ability, using such models is only appropriate for describing
stochastic states among entire uncertain situations. This is
more important when considering inaccuracy of some data
which are not instinctively statistical [28].

Here, a comprehensive approach to prioritize different
risk states of the system is presented. In this approach, by
utilizing probability determination via steady state probabil-
ities of stochastic PN, fuzzy probabilities of occurrence of
each failure are calculated. In our approach, parameters of
the exponential distribution are deemed to be generalized
fuzzy numbers. Eventually, values of the resulting fuzzy
probabilities are ranked by the novel ranking method
presented in Section 3. In the following, we present the
process of prioritization of failure modes. Our approach has
three stages where each stage consists of several substages.
This approach extends the method proposed in [29] to a risk
analysis method.

Stage 1. (1) Modeling the desired system using Petri Nets
and determining the entire failure modes and allocating
exponential firing times to considered transitions.

(2) Constructing reachability graph of the net and
determining all states.

(3) Incorporating (1) in order to calculate the steady
state probabilities of the system parametrically based on
exponential rates of system transitions.

Stage 2. (1) Conversion of parametric probabilities of (3) in
Stage 1 to triangular fuzzy numbers considering each param-
eter.

(2) Determination of fuzzy probabilities based on alpha
cuts of each fuzzy number using (4) to (6).

(3) Calculation of each probabilistic value (πi) and
determination of maximum and minimum values of this
probability (α = 0). When α = 0, each probability πi must be
in interval [0, 1] to be feasible; thus next steps are proceeded
if this condition does not hold.

(4) Operations among fuzzy numbers using alpha cuts
depend on minimum and maximum operators. This will
provide a larger interval during the calculation. Theoretically,
α = 0 cut of a fuzzy number gives the largest interval of
the number. Since our aim is to find the fuzzy probability
values, the largest possible value of fuzzy numbers must
be constrained to [0, 1]. Therefore, our aim is to find the
shortest alpha:

Min (Z) = α

St. π+
i (α) ≤ 1

π−i (α) ≥ 0

π−i (α) ≤ π+
i (α)

0 ≤ α ≤ 1.

(13)
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Table 4: Classification of safety severity of each failure mode.

State Sj1

Very dangerous, without warning and periodical
inspection

1

Very dangerous, without periodical inspection 0.9
Very dangerous with automatic warning system 0.8
Dangerous, without warning and periodical
inspection

0.7

Dangerous, with periodical inspection or warning
system

0.6

Average danger, without warning system and
periodical inspection

0.5

Average danger with warning system and
periodical inspection

0.4

Low danger, without warning system or
periodical inspection

0.3

Low danger, with warning system or periodical
inspection

0.2

Without any important risk 0.1
No safety risk 0

Table 5: Classification operational dependability between failure
modes.

State Sj2

Very high, many numbers of machines malfunctioned 1
Very high, loss of quality in many of machines 0.9
High, an entire machine is off, a bottleneck is made for
some sets of machines

0.8

High, an entire machine is off 0.7
Average to high, the initial performance of machine is
lost but some tasks are possible to perform

0.6

Average, the initial performance of machine is lost but
some tasks are possible to perform

0.5

Average, machine loses its functionality in some specific
tasks

0.4

Low, quality decrease in secondary functions of
machines

0.3

Low, machine loses a little part of its functionality 0.2
Very low 0.1
No dependability 0

Stage 3. (1) Converting each resulting failure probability to
a generalized fuzzy number. This conversion is performed
by combining severity index of each failure mode with
fuzzy probabilities calculated in Stage 2. In this research, we
have considered five critical factors to determine occurrence
weight of each failure mode. These factors are maintenance
costs, operational dependability, safety, failure detection
methods, and repairing time.

In order to obtain these factors easily, we have provided
some linguistic variables with their corresponding weights
presented in Tables 4, 5, 6, 7, and 8. Finally, these critical
factors must be combined to get the severity factor of each
failure mode. This process includes a multiplication of these
variables as

Sj = Sj1 × Sj2 × Sj3 × Sj4 × Sj5 (14)

Table 6: Classification of detection and identification of failure
modes.

State Sj3

Uncertainty 1

Very unlikely 0.9

unlikely 0.8

Very low 0.7

low 0.6

Average 0.5

Average to high 0.4

high 0.3

Very high 0.2

Nearly definite 0.1

Completely definite 0

Table 7: Classification of repairing costs of failure modes.

State Sj4

Is not worth to fix 1

Hardly worth to fix 0.9

Extreme 0.8

High 0.7

Average high 0.6

Average 0.5

low 0.4

Average low 0.3

Low 0.2

Low importance 0.1

No cost 0

Table 8: Classification of repairing time of a failure mode.

State Sj5

Very time consuming, no worth to fix 1

Long fixing time, hardly worth to fix 0.9

Very time consuming to fix 0.8

Long fixing time 0.7

Average to high fixing time 0.6

Average fixing time 0.5

Short fixing time 0.4

Fairly short fixing time 0.3

Very short fixing time 0.2

Fixing time not very important 0.1

Fixing time negligible 0

in which Si j represents the value of ith factor from five
critical factors influencing failure j and Sj represents the final
severity measure of the failure j.

(2) Ranking each generalized fuzzy probability provided
in (1) in Stage 3 using the ranking technique proposed in
Section 3.
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Table 9: Description of Places of Figure 7.

Place Description

P1 Work-piece ready

P2 Robot in progress

P3 Machine in process

P4 Robot in repair

P5 Machine in repair

P6 Robot idle

P7 Machine idle

Outgoing conveyor

Machine

Incoming conveyor

Figure 6: A flexible manufacturing cell.

6. An Illustrative Example

In this section the approaches proposed in the paper are
applied to a flexible manufacturing (FM) cell, adopted from
[30]. This cell is of course adapted with the nature of
failure analysis.The cell, Figure 6, has one incoming and one
outgoing conveyor, one robotic arm, and one processing
machine. Work-pieces enter the cell by an incoming conveyor
and the robot (R) loads them to the machine (M). Since
we want to consider different potential failure modes of
the system, a breakdown loop is considered for the robot
and processing machine which consists of a breakdown and
a repair transition with their corresponding rates. When
processing on M is over, it is unloaded by R and the work-
piece will go to the outgoing conveyor. Now suppose that

(1) the processing machine can have failure modes. M
takes two time units to breakdown and a quarter time
unit to be repaired. Therefore, the average failure and
repair rates are 0.5 and 4, respectively;

(2) robot loading and taking work-piece rate is 45 per
unit time. Also its unloading rate plus average rate of
M processing is 8 per unit time. Robot is not failure
free; hence, breakdown and repair rates, for the robot,
are 0.4 and 5, respectively;

(3) time delays considered in this example are entirely
exponential.

Now, the problem is to find fuzzy risk probabilities
based on fuzzy steady state probabilities and risk parameters
introduced earlier; then prioritizing them on the basis of

p6

p7

p1 p2 p3

p4 p5

t1
t2

t3

t4 t5 t6 t7

Figure 7: The Petri Net model of a flexible manufacturing cell.

the presented ranking technique. The Petri Net model of
the system is live and bounded. Therefore, it is isomorphic
with its corresponding Markov chain and the analysis can be
performed by analysis of the Markov chain.

In order to find fuzzy probabilities, we have to delineate
the reachability and the Markov chain of the corresponding
stochastic Petri Net of the FM cell.

The description of places and transitions is represented
in Tables 9 and 10, respectively. Transitions firing rates are
displayed in Table 11.

In order to apply the proposed method, transition
firing rate must be converted to fuzzy form and their
corresponding alpha cuts must be obtained. The results of
this transformation are shown in Table 12.

Based on Figure 8, parametric steady state probabilities
are calculated using (1),

(π0,π1,π2,π3,π4)

×

⎡

⎢
⎢
⎢
⎢
⎢
⎣

−λ1 λ1 0 0 0
0 −λ2 − λ4 λ4 λ2 0
0 λ5 −λ5 0 0
λ3 0 0 −λ3 − λ6 λ6

0 0 0 λ7 −λ7

⎤

⎥
⎥
⎥
⎥
⎥
⎦
= 0,

π0 + π1 + π2 + π3 + π4 = 1.

(15)

The resulting parametric steady state probabilities are

Π =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

π0 = λ2λ3λ5λ7

λ

π1 = λ1λ3λ5λ7

λ

π2 = λ1λ3λ4λ7

λ

π3 = λ1λ2λ5λ7

λ

π4 = λ1λ2λ5λ6

λ

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, (16)
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m0 = (1000011)

m2 = (0001001)

m1 = (0100001)

m4 = (0000100)

m3 = (0010000)

Figure 8: Markov chain and reachability graph of the modeled system.

where λ = λ2λ3λ5λ7 + λ1λ3λ5λ7 + λ1λ3λ4λ7 + λ1λ2λ5λ7 +
λ1λ2λ5λ6. After obtaining parametric steady state proba-
bilities, they have to be converted to their corresponding
fuzzy form. By applying fuzzified transition firing rates in
steady state probabilities, fuzzy steady state probabilities are
calculated. Therefore, the alpha cut representations of fuzzy
steady state probabilities are

π0=
[

10α4 + 175α3 + 1100α2 + 2975α + 2940
131α4 − 2964.5α3 + 25107α2 − 94312.5α + 132577.5

;

10α4 − 255α3 + 2390α2 − 9795α + 14850
131α4 + 1916.5α3 + 9464α2 + 25268.9α + 22760.5

]

,

π1=
[

10α4 + 175α3 + 1100α2 + 2975α + 2940
131α4 − 2964.5α3 + 25107α2 − 94312.5α + 132577.5

;

10α4 − 255α3 + 2390α2 − 9795α + 14850
131α4 + 1916.5α3 + 9464α2 + 25268.9α + 22760.5

]

,

π2=
[

α4 + 16.5α3 + 96.5α2 + 241.5α + 220.5
131α4 − 2964.5α3 + 25107α2 − 94312.5α + 132577.5

;

α4 + 24.5α3 + 219.5α2 − 857.5α + 1237.4
131α4 + 1916.5α3 + 9464α2 + 25268.9α + 22760.5

]

,

π3=
[

100α4 + 1400α3 + 7325α2 + 16975α + 14700
131α4 − 2964.5α3 + 25107α2 − 94312.5α + 132577.5

;

100α4 − 2200α3 + 18125α2 − 66275α + 90750
131α4 + 1916.5α3 + 9464α2 + 25268.9α + 22760.5

]

,

π4=
[

10α4 + 150α3 + 842.5α2 + 2102.4α + 1960
131α4 − 2964.5α3 + 25107α2 − 94312.5α + 132577.5

;

10α4 − 230α3 + 1982.5α2 − 7590α + 10890
131α4 + 1916.5α3 + 9464α2 + 25268.9α + 22760.5

]

.

(17)

Since the value of fuzzy probabilities must be in interval
[0, 1], we have to observe if they are out of this interval.
When α = 0 all the minimum and maximum bounds of each
fuzzy number must be in [0, 1]; however it is apparent that
π+

3 (α) exceeds 1. On the other hand, all π−i (α) are positive.

Table 10: Description of transitions in Figure 7.

Transition Description

T1 Robot taking part

T2 Machine is processing

T3 Processing is finished and robot is unloading

T4 Robot breakdown

T5 Robot in repair

T6 Machine breakdown

T7 Machine in repair

Therefore, the LP model of the problem, using (13), is given
as:

Min Z = α

121α4 + 2171.5α3 + 7074α2 + 35063.9α + 7910.5 ≥ 0

130α4 + 1941α3 + 9244.5α2 + 26126.4α + 21523 ≥ 0

31α4 + 4116.5α3 − 8661α2 + 91543.9α− 67990 ≥ 0

121α4 + 2146.5α3 + 7481.5α2 + 32858.9α + 11870.5 ≥ 0

0 ≤ α ≤ 1.
(18)

Using LP software or spreadsheets like Excel, we can find the
optimal value of α as 0.779. Thus the feasible fuzzy steady
state probabilities will be as given in, Table 13.

In the next stage, the obtained fuzzy probabilities must
be converted to generalized fuzzy numbers. According to
Figure 8, we have two risky states in our model, m2 and m4,
so we just deal with them. We call m2 and m4 as risky states s1

and s2, respectively. Based on our intuition, we consider risk
factors for both s1 and s2, as in Table 14.

The weights of both risky states are

S1 = 0.6× 0.8× 0.2× 0.8× 0.7 = 0.05376,

S2 = 0.8× 0.8× 0.2× 0.7× 0.7 = 0.06272.
(19)

Finally, the resulting generalized fuzzy probability num-
bers are (Figures 9–10):

π2 = (0.0065, 0.0097, 0.0097, 0.0144; 0.05376),

π4 = (0.0573, 0.085, 0.085, 0.0124; 0.06272).
(20)
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Table 11: Transition firing rates of Figure 7.

Transition Description Rate

T1 Taking part by R 45

T2 R loading 45

T3 M process finished and R is unloading 8

T4 R breakdown 0.4

T5 R repaired 5

T6 M breakdown 0.5

T7 M repaired 4

Table 12: Fuzzified transitions firing rates with their alpha cuts.

Fuzzified rates Alpha-cut representation

λ1 = (35, 45, 55) λ1 = (35 + 10α; 55− 10α)

λ2 = (35, 45, 55) λ2 = (35 + 10α; 55− 10α)

λ3 = (7, 8, 9) λ3 = (7 + α; 9− α)

λ4 = (0.3, 0.4, 0.5) λ4 = (0.3 + 0.1α; 0.5− 0.1α)

λ5 = (4, 5, 6) λ5 = (4 + α; 6− α)

λ6 = (0.4, 0.5, 0.6) λ6 = (0.4 + 0.1α; 0.6− 0.1α)

λ7 = (3, 4, 5) λ6 = (3 + α; 5− α)

Table 13: Fuzzy steady state probabilities.

πi Fuzzy number

π0 [0.082, 0.121, 0.174]

π1 [0.082, 0.121, 0.174]

π2 [0.0065, 0.0097, 0.0141]

π3 [0.453, 0.68, 1]

π4 [0.0573, 0.085, 0.124]

Table 14: The considered risk factors for s1 and s2.

Si j Risk value

S11 0.6

S12 0.8

S13 0.2

S14 0.8

S15 0.7

S21 0.8

S22 0.8

S23 0.2

S24 0.7

S25 0.7

Now, we incorporate the proposed ranking method and
rank these two fuzzy probability numbers. Their ranking
score for the failure modes are (R(π2) = 0.010713), R(π4) =
1.0185). Hence, s2 has priority to perform corrective actions
over s1 because its fuzzy risk probability has a higher ranking
score according to the ranking algorithm introduced in
Section 4.

W

0.06272
π4

0.05 0.1

X

Figure 9: Fuzzy probability number π4.

W

0.05376
π2

0.01 0.02
X

Figure 10: Fuzzy probability number π2.

7. Conclusions

In this study we proposed a hybrid approach utilizing iso-
morphism between stochastic Petri Nets and Markov chains,
and also a novel fuzzy ranking method. This approach is
general and many different risk factors in the systems, which
should be considered, are studied, for the first time. Another
contribution of this paper is the application of fuzzy logic
in determining steady state probabilities of systems and
incorporating them in risk analysis.

The proposed methodology can be useful in most real
life applications such as industrial systems; however, an
important issue regarding this methodology is complexity.
Although this method is quite efficient in dealing with
small or medium sized Petri Nets but it would be hard to
implement it on more complex nets. Therefore, presenting
new approaches to improve efficiency of the prosed method
in order to handle large scale problems can be an appropriate
topic for future studies.
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During a presidential forum in the 2008 US presidential campaign, the moderator, Pastor Rick Warren, wanted Senator John
McCain and then-Senator Barack Obama to define rich with a specific number. Warren wanted to know at what specific income
level a person goes from being not rich to rich. The problem with this question is that there is no specific income at which a person
makes the leap from being not rich to being rich. This is because rich is a fuzzy set, not a crisp set, with different incomes having
different degrees of membership in the rich fuzzy set. Fuzzy logic is needed to properly ask and answer Warren’s question about
quantitatively defining rich. An imprecise natural language word like rich should be considered to have qualitative definitions, crisp
quantitative definitions, and fuzzy quantitative definitions.

1. Introduction

Certainty and precision are much too often used as an
absolute standard in reasoning and decision making. Fuzzy
logic [1–6] is based on the notion of relative graded
membership and can deal with information arising from
computational perception and cognition that is uncertain,
imprecise, vague, partially true, or without sharp boundaries.
Dr. Zadeh published his first famous paper [1] on fuzzy
sets in 1965. The theory of fuzzy logic was inspired by the
processes of human perception and cognition. This tool for
uncertainty management is extremely useful in approximate
reasoning and decision making. Fuzzy sets are needed for
quantitatively defining imprecise linguistic terms used in
politics and public policy.

During the 2008 US presidential campaign, Pastor Rick
Warren moderated the Saddleback Civil Forum on the
Presidency [7] with then-Senator Barack Obama, who was
the Democratic nominee for president, and Senator John
McCain, who was the Republican nominee for president.
Although McCain and Obama were questioned by Warren at
the same event, McCain was not present while Obama was
being questioned by Warren, and Obama was not present

while McCain was being questioned by Warren. Warren
separately asked McCain and Obama to define rich with a
specific number. Warren wanted to know at what specific
income level a person goes from being not rich to being rich.
This was a ridiculous question for a presidential forum and
caused everybody to laugh because the term rich cannot be
defined so precisely as being greater than a single specific
annual income. This is because rich is a fuzzy set, not a crisp
set. Obama and McCain floundered and rambled in trying
to answer Warren’s question using crisp logic, as can be seen
in the transcripts that follow. Warren needed fuzzy logic to
properly ask his question. McCain and Obama needed fuzzy
logic to properly answer Warren’s question.

Similarly, middle class and poor are fuzzy sets, not crisp
sets. Therefore, fuzzy logic is needed to properly ask and
answer queries about quantitatively defining middle class and
poor. Fuzzy sets have been used for imprecise linguistic terms
in many intelligent systems applications, but this research
paper proposes the use of fuzzy sets for the application of
asking and answering queries about quantitatively defining
imprecise natural language linguistic terms in politics and
public policy.
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2. Transcripts on Quantitatively Defining
Rich with a Crisp Set at the Saddleback
Civil Forum on the Presidency

2.1. Transcript of Exchange between Warren and Obama on
Quantitatively Defining Rich with a Crisp Set. A transcript of
the exchange between Warren and Obama on quantitatively
defining rich with a crisp set follows:
Warren: Okay. Taxes—this is a real simple question. Define
rich. (Audience laughs.) I mean give me a number. Is it
$50,000? $100,000? 200,000? Everybody keeps talking about
who we’re going to tax. How do you define that?
Obama: You know, if you’ve got book sales of $25 million,
then you qualify. (Audience laughs.) Yes.
Warren: No, I’m not asking about me.
Obama: Look, the—here’s how I think about it. Here’s how I
think about it. And this is reflected in my tax plan. If you are
making $150,000 a year or less as a family, then you’re middle
class or you may be poor. But $150,000 down you’re basically
middle class, obviously depends on the region where you’re
living.
Warren: In this region, you’re poor.
Obama: Yes, well—depending. I don’t know what housing
practices are going. I would argue that if you’re making more
than $250,000, then you’re in the top three, four percent
of this country. You’re doing well. Now these things are all
relative. And I’m not suggesting that everybody is making
over $250,000 is living on easy street.

But the question that I think we have to ask ourselves is,
if we believe in good schools, if we believe in good roads, if
we want to make sure that kids can go to college, if we don’t
want to leave a mountain of debt for the next generation,
then we got to pay for these things. They don’t come for
free, and it is irresponsible—. I believe it is irresponsible
intergenerationally for us to invest or for us to spend $10
billion a month on a war and not have a way of paying for it.
That, I think, is unacceptable. So nobody likes to pay taxes.
I haven’t sold 25 million books, but I’ve been selling some
books lately, and so I write a pretty big check to Uncle Sam.
Nobody likes it.

What I can say is that under the approach I’m taking, if
you make $150,000 or less, you will see a tax cut. If you’re
making $250,000 a year or more, you’re going to see a modest
increase. What I’m trying to do is create a sense of balance
and fairness in our tax code. One thing I think we can all
agree on is that it should be simpler, so that you don’t have all
these loopholes and big stacks of stuff that you’ve got to comb
through, which wastes a huge amount of money and allows
special interests to take advantage of things that ordinary
people cannot take advantage of.

2.2. Transcript of Exchange between Warren and McCain on
Quantitatively Defining Rich with a Crisp Set. A transcript of
the exchange between Warren and McCain on quantitatively
defining rich with a crisp set follows:
Warren: Okay, on taxes, define rich. Everybody talks about
taxing the rich, but not the poor, the middle class. At what

point—give me a number, give me a specific number—where
do you move from middle class to rich? Is it $100,000? Is it
$50,000? Is it $200,000? How does anybody know if we don’t
know what the standards are?
McCain: Some of the richest people I’ve ever known in my
life are the most unhappy. I think that rich should be defined
by a home, a good job, an education, and the ability to hand
to our children a more prosperous and safer world than the
one that we inherited.

I don’t want to take any money from the rich—I want
everybody to get rich. (Audience laughs.) I don’t believe in
class warfare or redistribution of the wealth. But I can tell
you, for example, there are small business men and women
who are working 16 hours a day, seven days a week, that some
people would classify as quote rich, my friends, and want to
raise their taxes and want to raise their payroll taxes.

Let’s have—keep taxes low. Let’s give every family in
America a $7,000 tax credit for every child they have. Let’s
give them a $5,000 refundable tax credit to go out and
get the health insurance of their choice. Let’s not have the
government take over the health care system in America.

So I think if you are just talking about income, how about
$5 million? (Audience laughs.)

But seriously, I don’t think you can—I don’t think
seriously that—the point is that I’m trying to make here,
seriously—and I’m sure that comment will be distorted—
but the point is that we want to keep people’s taxes low and
increase revenues.

And, my friend, it was not taxes that mattered in America
in the last several years. It was spending. Spending got
completely out of control. We spent money in ways that
mortgaged our kids’ futures.

My friends, we spent $3 million of your money to study
the DNA of bears in Montana. Now I don’t know if that was a
paternity issue or a criminal issue. (Audience laughs.) But the
point is, it was $3 million of your money. It was your money.
And, you know, we laugh about it, but we cry, and we should
cry because the Congress is supposed to be careful stewards
of your tax dollars.

So what did they just do in the middle of an energy crisis
when in California we are paying $4 a gallon for gas? Went
on vacation for five weeks. I guarantee you, two things they
never miss: a pay raise and a vacation. And we should stop
that and call them back and not raise your taxes. We should
not and cannot raise taxes in tough economic times.

So it doesn’t matter really what my definition of rich is
because I don’t want to raise anybody’s taxes. I really don’t. In
fact, I want to give working Americans a better shot at having
a better life, and we all know the challenges, my friends, if I
could be serious.

Americans tonight in California and all over America are
sitting at the kitchen table—recently and suddenly lost a job,
can’t afford to stay in their home, education for their kids,
affordable health care. These are tough problems. These are
tough problems. You talk to them every day.
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Figure 1: Warren’s crisp sets for rich and not rich with his dividing
line of $50,000.
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Figure 2: Warren’s crisp sets for rich and not rich with his dividing
line of $100,000.

3. Quantitatively Defining Rich with a Crisp Set

3.1. Warren’s Crisp Questions about Quantitatively Defining
Rich with a Crisp Set. With his question, Warren wanted to
know an exact number at which an individual becomes rich.
He specifically asked McCain and Obama whether incomes
of $50,000, $100,000, or $200,000 are the dividing lines
between rich and not rich. Warren’s three dividing lines
between rich and not rich can be illustrated using the crisp
sets in Figures 1, 2, and 3.

According to Warren’s crisp logic for his dividing line of
$100,000, an individual with an income of $99,999 is not rich
with a degree of membership of 1 in this crisp set whereas an
individual with an income of $100,001 is rich with a degree
of membership of 1 in this crisp set.
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Figure 3: Warren’s crisp sets for rich and not rich with his dividing
line of $200,000.
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Figure 4: Obama’s crisp sets for middle class or poor and doing
well.

3.2. Obama’s Crisp Answer in Quantitatively Defining Rich
with a Crisp Set. In responding to Warren’s question, Obama
essentially defined anyone making $150,000 or less as being
in the middle class or being poor, and he defined anyone
making $250,000 or more as doing well. He didn’t assign
a linguistic qualifier for those making an income between
$150,000 and $250,000. Obama’s answer can be illustrated
using the crisp sets in Figure 4.

According to Obama’s crisp logic, an individual with
an income of $249,999 is undefined whereas an individual
with an income of $250,001 is doing well with a degree of
membership of 1 in this crisp set.

3.3. McCain’s Crisp Answer in Quantitatively Defining Rich
with a Crisp Set. In responding to Warren’s question,
McCain essentially defined anyone earning $5 million or
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Figure 5: McCain’s crisp sets for rich and not rich.

more as rich and anyone earning less than $5 million as not
rich. McCain’s answer can be illustrated using the following
crisp sets.

According to McCain’s crisp logic, an individual with an
income of $4,999,999 is not rich with a degree of membership
of 1 in this crisp set whereas an individual with an income of
$5,000,001 is rich with a degree of membership of 1 in this
crisp set.

4. Multiple Determinants of
Financial Well-Being

An individual’s annual income does not solely determine
whether or not he is rich, middle class, or poor. There are
many different factors related to an individual’s circum-
stances that affect his financial well-being and affect what
annual income is needed to be rich, middle class, or poor:

(i) number of dependents,

(ii) family income,

(iii) geographical location,

(iv) assets,

(v) savings,

(vi) expenses,

(vii) debts,

(viii) investments,

(ix) inheritances,

(x) time period.

For example, an individual with no annual income, no
dependents, no debts, and $10 million in savings would be
considered rich.
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Figure 6: Fuzzy set for rich.

However, to answer Warren’s question about annual
income, one needs to make an assumption about the other
factors affecting an individual’s financial well-being. The
assumption can be made that the individual’s circumstances
other than annual income are equivalent to those of the
average American adult.

5. Quantitatively Defining Rich with a Fuzzy Set

5.1. Rich as a Fuzzy Set. There is no specific income level
at which an individual goes from being not rich to being
rich. Rich should be defined as a range of incomes in
which different incomes have different degrees of richness
associated with them. In fuzzy logic, a linguistic qualifier
like rich is a fuzzy set, and different incomes have different
degrees of membership in this fuzzy set.

Rich can be arbitrarily defined as an S fuzzy set with the
following parameters. For incomes less than $100,000, there
is a membership of 0 in the rich fuzzy set. As income increases
from $100,000 to $200,000, the membership in the rich fuzzy
set increases from 0 to 1 with a constant slope. For incomes
greater than $200,000, there is a membership of 1 in the rich
fuzzy set. This rich fuzzy set is as illustrated in Figure 6.

Then, for example, with an annual income of $140,000,
there is a degree of membership of 0.4 in the rich fuzzy set.

5.2. Fuzzy Questions for Warren about Quantitatively Defin-
ing Rich with a Fuzzy Set. In questioning McCain and
Obama about the annual income needed for an individual
to be rich, Warren first needed to specify in detail the
individual’s other circumstances affecting his financial well-
being. Alternatively, he could have said that the individual’s
other circumstances were equivalent to those of the average
American adult.

Then Warren should have separately asked for an income
below which an individual is definitely not rich, a range of
incomes between which an individual is rich to some degree,
and an income above which an individual is definitely rich.
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This could be phrased as follows: “In the following
queries, assume that all of the circumstances affecting an
individual’s prosperity are equivalent to those of the average
American adult. Give me an annual income below which an
individual is definitely not rich. Give me a range of annual
incomes between which an individual is rich to some degree.
Give me an annual income above which an individual is
definitely rich.” This is how one would define rich with a
fuzzy set. To avoid overwhelming Obama, McCain, and the
audience with too many queries at once, Warren could have
waited for a response after each query before proceeding to
the subsequent query.

5.3. Fuzzy Answers for Obama and McCain in Quantitatively
Defining Rich with a Fuzzy Set. Obama and McCain first
needed to make clear that the definition of rich varies con-
siderably depending on many factors affecting an individual’s
financial well-being other than annual income. They should
have stated their assumptions regarding the other factors
or asked Warren for more details. Then they could have
given their perception of what annual income is needed to
be rich for the average American by providing an income
below which an individual is definitely not rich, providing a
range of incomes between which an individual is rich to some
degree, and providing an income above which an individual
is definitely rich.

This could be articulated as follows: “There are many
different factors other than annual income that affect an
individual’s prosperity. If we make the assumption that these
other factors are equivalent to those of the average American
adult, then in my perception, an individual with an income
less than $100,000 per year is definitely not rich. As an
individual’s income rises from $100,000 to $200,000 per
year, he is rich to some degree and his degree of being rich
steadily increases. An individual with an income greater than
$200,000 per year is definitely rich.” This is how one would
define rich with a fuzzy set.

6. Qualitative Definitions, Crisp Quantitative
Definitions, and Fuzzy Quantitative
Definitions of Imprecise Words

An imprecise word like rich should be considered to have
qualitative definitions and quantitative definitions. An impre-
cise word like rich should be considered to have two types
of quantitative definitions: crisp quantitative definitions and
fuzzy quantitative definitions.

A qualitative definition of rich can be found in Merriam-
Webster’s Online Dictionary [8], which defines rich as “hav-
ing abundant possessions and especially material wealth.”
Although there are other definitions of rich in this dictionary,
this is the qualitative definition of rich that is most related to
Warren’s question.

Crisp quantitative definitions are those made with crisp
sets. Crisp quantitative definitions of rich by Warren are in
Section 3.1 and Figures 1–3. A crisp quantitative definition
of rich by Obama is in Section 3.2 and Figure 4. A crisp

quantitative definition of rich by McCain is in Section 3.3 and
Figure 5.

Fuzzy quantitative definitions are those made with fuzzy
sets. A fuzzy quantitative definition of rich by the author of
this research paper is in Section 5.1 and Figure 6. It should
be realized that while quantitative definitions of imprecise
words can be made with crisp sets or fuzzy sets, only fuzzy
sets can model the imprecision of words, so crisp sets have
extremely limited value in modeling imprecise words.

There are multiple qualitative definitions because a word
can have multiple meanings and because different ways
of defining a word can be employed. That is, different
dictionaries use different descriptions to convey the meaning
of the same word.

There are multiple crisp quantitative definitions because
different individuals have different perceptions of the crisp
set for imprecise words. This was seen in the differing
perceptions by Warren, McCain, and Obama. There are
multiple fuzzy quantitative definitions because different
individuals have different perceptions of the fuzzy set for
imprecise words. Furthermore, the fuzzy or crisp quantita-
tive definition of a word can vary considerably depending on
many factors, such as the multiple determinants of financial
well-being listed in Section 4.

It is important to distinguish between qualitative defini-
tions and quantitative definitions of imprecise words. These
terms were coined by the author of this research paper,
Ashu M. G. Solo. Furthermore, it is important to distinguish
between crisp quantitative definitions and fuzzy quantitative
definitions of imprecise words. These terms were also coined
by the author of this research paper, Ashu M. G. Solo.

7. Linguistic Hedges

Linguistic qualifiers by themselves can be restrictive in
describing fuzzy variables, so linguistic hedges can be
used to supplement linguistic qualifiers through numeric
transformation. For example, a very hedge can square the
initial degree of membership µ in a fuzzy set:

µver y rich(Jane) = [
µrich(Jane)

]2
. (1)

That is, if an individual named Jane has a membership of 0.7
in the rich fuzzy set, she will have a membership of 0.49 in
the very rich fuzzy set.

Following are some other possible linguistic hedges:

(1) somewhat,

(2) more or less,

(3) extremely,

(4) above,

(5) below,

(6) not.

8. Conclusion

Humans think in imprecise and vague terms. Consequently,
human language is inherently imprecise and vague. A



6 Advances in Fuzzy Systems

major problem arises when people try to bring precision
into situations where it does not apply, such as defining
human linguistic terms like rich as being greater than a
single precise annual income. Because Obama, McCain, and
Warren were unfamiliar with fuzzy logic, Warren was unable
to properly ask this query and Obama and McCain were
unable to properly answer it. All of them actually made
fools of themselves in attempting to ask or answer this query
with crisp logic. An understanding of the basic principles
of fuzzy logic can be extremely useful in asking proper
questions and giving proper answers about quantitatively
defining imprecise linguistic terms. Imprecise linguistic
terms in natural languages should be considered to have
qualitative definitions, crisp quantitative definitions, and
fuzzy quantitative definitions. Fuzzy logic can be extremely
useful in public policy and law, which are full of uncertainties
and imprecision.

The contributions of this research paper are as follows:

(1) It shows that an understanding of fuzzy logic is
required to properly ask and answer queries about
quantitatively defining imprecise linguistic terms.

(2) It shows that fuzzy logic was actually required during
a US presidential forum to properly ask and answer a
query about defining rich.

(3) It distinguishes between qualitative definitions and
quantitative definitions of imprecise linguistic terms.

(4) It distinguishes between crisp quantitative definitions
and fuzzy quantitative definitions of imprecise lin-
guistic terms.

These contributions are useful in computational lin-
guistics, applied linguistics, theoretical linguistics, human-
computer interaction, natural language processing, soft
computing, and intelligent systems. Furthermore, these
contributions are useful in asking and answering queries
in general conversation, politics, public policy, economics,
education, and many other fields.

The author of this research paper has a published confer-
ence paper [9] and published op-ed article [10] that describe
an earlier version of this research work. An earlier version of
the research described in this paper was published as [9]. A
condensed op-ed article describing the research in [9] was
published as [10]. However, [9] and [10] do not describe
the terms qualitative definitions, quantitative definitions, crisp
quantitative definitions, and fuzzy quantitative definitions for
imprecise linguistic terms.
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