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Multisensor Data Fusion Based on Fuzzy Logic
in Non-Destructive Testing
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Abstract; Fuzzy logic has been widely used in data fusion, but data fusion based on fuzzy logic in NDT (Non-destructive
testing)is a new topic. This paper gives a new fuzzy logic architecture for multisensor data fusion in NDT. The definition meth-
ods of the membership functions and operators are presented. It also gives an example to illustrate the use of this architecture in
NDT.
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1 Introduction

In recent years, multisensor data fusion technology
has evolved rapidly. Various kinds of approaches have
been used for it, such as evidence reasoning theory,
statistic theory, fuzzy logic and neural network, etc.
The fuzzy logic is suitable for data fusion when the sys-
tem has incomplete information. Fuzzy logic techniques
have become popular to address various processes for
multisensor data fusion. Examples include!'; 1) Fuzzy
membership functions for data association; 2) Evaluation
of alternative hypotheses in multiple hypothesis trackers;
3) PFuzzy-logic-based pattern recognition; 4) Fuzzy in-
ference schemes for sensor resource allocation.

Researchers in different countries have shown a
great interest in data fusion based on fuzzy logic. But
they use it mostly in battlefield, such as surveillance
and strategic wamingm , object detector! and nacldng[4] )
In addition, some of them use it in intelligent robot!®]
Therefore, the data fusion based on fuzzy logic used in
NDT is a new topic. NDT itself is an old topic. It has a
lot of realization methods. But those methods mostly use

one sensor to determine the situation, and even if there
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are lots of sensors they also use the Boolean logic to
judge the situation. In fact, many properties can not be
measured by Boolean logic, for example we say a person
is “young” or “beautiful”. In those cases we must use
fuzzy logic, especially in multisensor data fusion for
NDT. In this paper we propose a new data fusion struc-
ture based on the fuzzy logic and its application in NDT.
In section 2, we -define the membership functions
and give the basic operators in the new architecture. In
section 3, we give the new fuzzy logic architecture and
its application in NDT. In section 4, we draw the con-
clusions.
2 Membership functions and basic opera-
tors in fuzzy logic
The basis for the multisensor data fusion based on
fuzzy logic involves the definition of the fuzzy member-
ship functions and the fuzzy logic operators. In this sec-
tion, the ways to decide the membership functions and
operators are presented.
2.1 The definition of the memership functions
Fuzzy logic involves the extension of Boolean set

theory and Boolean logic to a continuous-valued logic via
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the concept of membersh1p functions. Membership func-
tions are continuous functions defined on the interval
[0,1]. Tt is used to quantify the “fuzziness” or impre-
cise concept. So the fuzzy membership functions quanti-
fy the extent to which a concept or attribute is inherently
imprecise. By contrast, other techniques, such as prob-
ability, quantify the extent to which a precise concept.
In multisensor data fusion, the multiple sensors get the
information from a particular aspect of the object tested.
The outputs of each sensor are variables that represent
the extrinsic physical attribute. These form the set of
physical properties of the object represented. But the
fuzzy properties are inferred from the values of the phys-
ical properties since they can not be detected directly by
the sensors. In this situation, we must define the fuzzi-
ness of the physical variables. The membership functions
finish this work. They make the subspace I'" into the in-
terval [0,1].

There are lots of methods to define the membership
functions. The method we suggest here includes four
kinds of forms. The four forms are named “highpass”,
“lowpass”, “bandpass”, and “bandstop” apart. They are

shown in Fig.1.
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Fig. | Membership functions
As shown in Fig. |, the four forms contain all
kinds of membership functions. We can define the mem-
bership functions according to the real situation. Of
course, the sharps of the membership functions can be
arbitrarily selected and they are not limited by the sharps
shown above. Those sharps are only some examples.
2.2 The basic operators of the fuzzy logic
The basic operators in fuzzy logic and Boolean log-
ic are “AND”,“OR” and “NOT”. They can be used to

build up all kinds of fuzzy functions. So we can use
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them to complete our fusion task in random situations.
Because membership functions are not equally impor-
tant, the weight vector is presented. The weights control
the relative significance of the sub-properties.

Now we will give the definitions of those operators
in the fuzzy logic.

The AND operator models a necessity condition.
For example, the output property, P, exists only if each
of a collection | Q1,Q2,"*, Qn } of sub-properties ex-
ists. In addition, the function AND should also have the
capability of combining information of various degrees of
significance as well as of various degrees of existence.
In accordance with this, the truth value or confidence of
varying factor for the existence of P, CF (P) ,is com-
puted by
CF(P) = ANDGw,CF( Q) , w,CF(Q5) ", w,CF(Qy)).
| eV

The operator OR can be established as the operator
AND. The difference is in the intuitive meaning. The
OR operator is a sufficiency condition. Just like the
AND operator, the compute formula i8¢
CF(P) = OR(w;CF(Q;) , woCF( Q) ", w,CF(Qy)).

(2)

According to these specifications, there are many
ways to model the “AND” and the “OR” operators,, such
as the Min-max model, Hamacher model, Yager model
and the Dubois models and so on.

Gibson and Hall"! gave a new kind of model as

follows ;

N
AND(C, W, N) = [TL (1 - w, + wO)]",
=1

(3)
where
C - (61,62,"'
is the input confidence vector,
= (Wi, Wa,oe, Wy)

is the weight vector, N is the number of onputs (sub-

9CN)

properties) .
OR(C,W,N) =

b, ife <a,
Jl, ife=c,

‘() 5[ d+b+(d- b)aln( ('——0 5))] , otherwise,
(4)
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where

.
e = }_-: ( WiCi)z ’

i=1
max{ W,C;, i = 1,2,""N},
2u —vN, b=2u-1,
W and C are vectors defined in AND operator.

In terms of the practical condition in NDT, the
AND model is retained and the OR operator is defined as
follows ;

OR(C,W,N) = max{W,C;, i = 1,2,*,N}.
(5)

The reason that we select this will be given in the

u

a

next section. Because the “NOT” operator is not used in
this paper, we will not discuss it.
3 The new multisensor data fusion based
on fuzzy logic architectrue in NDT
NDT is a wide area. In this paper the example is to
detect the crackle or bubble in a large ingot. In some
huge vehicle, the main axis is the most important part.
If there are some flaws such as crackle or bubble in it,
the result will be very severe. So it must be detected be-
fore it is used and can not be destroyed. It is called
NDT. In this paper, the multisensor data fusion NDT
system is presented. It is shown in Fig.2.
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Fig. 2 Multisensor data fusion system in NDT

From this figure, we know that this system has five
kinds of sensor arrays. They are stress sensor array,
sound wave sensor array, temperature sensor array, ul-
trasonic sensor array and X-ray instrument. For these
five sensor arrays, five experiments have been conducted
in the following ways:

1) Using one small hammer to peen the ingot, if
there is flaw in it, the sound wave must be different
from that no flaw. By knocking different places, the
salted worker can estimate whether the ingot has a flaw

or not and decide the position of the flaw probably .

2) Heating one end of the ingot, the temperature of
the ingot surface satisfies the thermodynamic conduction
equation. If there is a flaw in the ingot, the outputs of
the temperature sensors must be different from that no
flaw.

3) Exerting a leverage to the ingot, the outputs of
the stress sensor array must be different from the flawless
one.

4) Emitting ultrasonic to the ingot, the reflex and
the transmission of the ultrasonic can be used to find the
flaw. But it can not give a complete and true answer.

5) Using the X-ray instrument. This experiment
has the highest reliability. So we select the formula
(5).

In these five experiments, the outputs of those five
kinds of sensor array can not decide the flaw in the ingot
separately. They only give a fuzzy concept. But we can
fuse them together and make a credible decision. The
fusion architecture is shown in Fig.3.
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Fig. 3 Fusion architecture
According to the formula (3) and (5), we have:
CF(FLAW) = OR( W;CF(X-ray), W,CF(TSSU)) =
max( W;CF(X-ray), Ww,CF(TSSU)),
(6)

where
CF(TSSU) = {{(1 - W3+ W3
[(1 = Ws + Ws % CF(Temperature)) *
(1 - Wg + Wg* CF(Stress)) *
(1 - W; + W, % CF(Sound)) ]}
((1 = Wy + W, * CF(Ultrasonic))1",
0.1 + 0.9exp(-0.3(Ws + Wg + W, - 1)),
0.1 + 0.9exp(- 0.3(W5 + W,)),

< <
o

(7

Wy, Wy, Wy, Wy, Ws, Ws, Wy are adaptive parameters.
According to the formula (6) and (7), we can
fuse the sensor data together. It is more reliable than any

one kind of sensor. Using this system, we can not only
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judge the existence of the flaw but also can estimate the
position of the flaw approximately .
4 Conclusion

In this paper, a new multisensor data fusion based
on fuzzy logic architecture for NDT is presented. The
ways to decide the membership functions and the opera-
tors of fuzzy logic are given. The architecture introduced
is being used now. It also can be used in other fields.
This research can be improved by adopting the neural
network to decide the weight automatically .
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