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provide useful evaluation information of fault types. The concluded results reveal that the proposed
SVNCE measure furnishes better fault identification accuracy when compared with the existing model
based upon correlation coefficient of simplified neutrosophic sets (SNSs). Furthermore, the proposed
SVNCE measure offers consistent and feasible results and is capable for holding the optimal fault type
selection under sensitive analysis.
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1. Introduction

Over the past few years, various fault diagnosis techniques such
as fuzzy approach, neural network, expert system, etc., have been
developed and exemplified by eminent researchers [1-12]. Kumar
and Kumar [8] developed an adaptive fault diagnosis method for
identifying bearing defects. Wang et al. [9] applied empirical wave-
let transform for the diagnosis of rolling element defect. Zaire et al.
[10] decomposed the vibration signals into intrinsic mode functions
(IMFs) and then measured the irregularity and stability of the sig-
nals by calculating fuzzy entropy of each IMFs. Fu et al. [11] com-
bined wavelet transform with approximate entropy to detect and
diagnose bearing faults during power swings. Based upon wavelet
entropy, Yu et al. [12] defined instantaneous entropy and used it
to identify various sensor faults on a real micro gas turbine engine.
Stief et al. [13] applied principal component analysis and Bayesian
sensor fusion for the diagnosis of bearing defect in induction motor.
Glowacz and Gtowacz [14] explored classification methods such as
nearest mean (NM) classifier, Linear discriminant analysis (LDA),
and backpropagation neural network (BNN) for the defect diagnosis
of commuter motor. Bandit and Pompe [15] used the concept of
permutation entropy for analyzing the complexity and irregularity
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of vibration signals. Tian et al. [16] proposed an approach based
upon permutation entropy for decomposing the non-linear and
non-stationary vibration signals in self-adaptive diagnosis of faults
in bearings. Zhao et al. [17] proposed multi-scale permutation
entropy calculated from signals decomposed by WPT for identifying
bearing defects. Cuong [18] introduced and characterized picture
fuzzy sets (PFSs) to measure uncertainty in terms of positive, neu-
tral and negative degree membership respectively. Smarandache
[19] extended the classical sets theory and introduced a new class
of neutrosophic sets (NS) based on true, indeterminacy and falsity
membership degree. Weng and Yehang [20] presented a new
approach for calculating the similarity between two SVNSs using
Dempster-Shafer evidence theory. Recently, Shi [21] introduced a
new formula of correlation coefficient based on SNSs and combined
it with WPT and then applied it for identifying defects of bearings.

Many times, neural network technique [3,22,23] fails to provide
semantic output as it is difficult to understand transferred data
stored in its network memory. The expert system technique has
some intrinsic shortcomings such as the difficulty of maintaining
a database and acquiring knowledge [7]. Fuzzy entropy [10] has
been found heavily dependent on its membership function, which
is difficult to be accurately determined in real engineering prob-
lems. Approximate entropy [11], on another hand, is defective
because of its lower estimation value. Permutation entropy [17] is
also not a good tool to reveal the real characteristics dealing with
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intrinsic time scales of the vibration signals. The approach based on
neutrosophic sets (NS) theory is also not suitable for capturing the
undetermined, inconsistent and imprecise information for solving
real engineering problems. Due to ambiguity and vagueness in
the information data, the conventional and existing approaches
based upon fuzzy, instantaneous, approximate as well as permuta-
tion entropies have been found unsuitable for providing an accu-
rate and quantitative relationship between fault characteristics
and fault types.

The fuzzy cross entropy proposed by Bhandari and Pal [24] and
Shang and Jiang [25] respectively may not always be suitable for
developing further mathematical treatments in certain situations
where either their membership functions may produce undefined
or meaningless results or indicate an asymmetrical phenomenon.
She and Ye [26] concluded that the new cosine similarity measure
based on vague sets can reveal more information than the existing
cosine similarity measure in dealing with complex and uncertainty
problems. To tackle these shortcomings and limitations and to
make the applicability of information measures more practical, a
novel SVNCE measure based upon a newly established measure of
symmetric fuzzy cross entropy is developed and then applied it
for diagnosing defects of bearings installed in a test rig and axial
piston pump. The advantage of the symmetric nature of the pro-
posed SVNCE measure is that it can be used more suitably for fur-
ther mathematical treatments in certain situations where
membership function of an asymmetrical phenomenon may pro-
duce undefined or meaningless results. The rest of this paper is
organized as follows.

Section 2 addresses some basic concepts required for the subse-
quent development of the proposed work. Section 3 provides the
data acquisition techniques based on 3-level wavelet packet trans-
formation. Section 4 deals with the development of a novel SVNCE
measure between two SVNSs based upon a new symmetric mea-
sure of fuzzy cross entropy between two FSs. The next Section 5
validates the feasibility and applicability of the proposed SVNCE
measure in details by identifying faults of some rolling bearing ele-
ments installed in a test rig and axial piston pump. Furthermore, it
compares the fault identification accuracy of the proposed measure
with the well-established prediction model based upon SNSs [16].
Finally, Section 6 summarizes the concrete conclusions of the
research work done in this paper.

2. Preliminaries

Def. 2.1 A SVNS set. Let xqi,Xz,...X;, denotes the generic
elements of the universe of discourse X, then, a SVNS ACX can

be defined as A:{<X,A ,ZL(X)7A;(X),Af(X)>VX eX} where

AN(X), A i (%), 4 f (x) represent a truth, an indeterminacy and falsity
membership functions respectively and each 4 fL(x),4 ;(x),

Af (%)X — [0,1] satisfy 0<4 [t (X) +a 1 (X) +4 f () < 3.
Def. 2.2 Algebra of SVNSs: - Any two SVNSs A and B in X satisfy
the following laws:

0.0 it 00} Max.{ 4T 9.5 ?<x>},Max.{Ai<x>, ] f(x)} >}
)

i«
e i) Mind o .0 00 b Minf oF 0.0 Fi0} >}

())AUB = {< x.Max.{A[
(i)ANB = {< x.Min{,l
B

({i)ACB <= At (x) < > 5 i) andaf ()25 f().
(iv) A = {< X4 f(X),1—ai(x),a 1L(x) >}
(iv) Two SVNSs are equal, written as A = Biff ACBand B C A.

Def. 2.3 A measure of neutrosophic entropy. Let P(X) denotes
the family of all neutrosophic subsets of the finite universe X, then

a function yH(A) : P(X) — R is said to be a measure of neutrosophic
entropy iff

(i) yH(A) > 0 (i) yH(A) =0 iff either ,p(x)=1,4 ?(x) =
0.4 f (1) = () =041 (X)=04fx)=1 (i) H(A) =
~H(A)

(iv) It should have a maximum value which arises when

Oor 4

AR(X) =2 ?(x) =4 f (x) = 1 and it should be an increasing function
of n

(v) yH(A) must be concave for all 4t (X),4 i (x),a f ().

Def. 24 A fuzzy cross entropy measure. A function
D : P(X) x P(X) — R is called a measure of fuzzy cross entropy iff

(i)D(A,B) is non-negative for each fuzzy sets A, Be X with
equality iff A=B

(ii) D(A,B) should be a convex function of both A, B € X

(iii) D(A,F) = Max.{H(A)} — H(A), where F denotes the fuzziest
set and H(A) is the corresponding measure of fuzzy entropy.

Def. 2.5 A symmetric fuzzy cross entropy measure. A function
D : P(X) x P(X) — Ris said to be a symmetric measure of fuzzy cross
entropy iff it satisfies (i) and (ii) of def. 2.4 along with (iii) D(A, B) is
symmetric in nature, that is D(A, B) = D(B,A) (iv)D (A", B°) = D(A, B).
that is D(A, B) should not change whenever the fuzzy sets A and B
are replaced by their complements.

Def. 2.6 Minimum and maximum argument principle. Suppose
the knowledge of fault types experienced by some rolling bearing
can be represented by the set A = (A1, A, ...An),m € Z*. Let the real
testing samples to be recognized, can also be represented by the
form of a SVNS Fr. Then, the minimum argument principle
states that the diagnosing sample Ax should be the nearest one to
FT, that is SVNSK(AK7 FT) = Min. SVNSK(Ai7 FT)(I = ],2, m), where
sunsK (A, Fr) represents the discrimination degree of the SVNS A;
from Fr. That is, the real testing sample Fr belongs to the diagnos-
ing sample Ax where K = Arg.Min. synsK(A;, Fr). Furthermore, the
maximum argument principle states that the diagnosing
sample Ax should be the farthest one to Fr, that is
SNSM(AI(;FT) = Max. 5N5M(Ai,FT)(i = ‘1,27 m) where SNSM(AI",FT)
represents the correlation coefficient of the SNSs A; and Fr.That is,
the real testing sample Fr should belong to the diagnosing sample
Ax where K = Arg.Max. snsM(A;, Fr).

3. Development of a novel SVUNCE measure for identifying
bearing defects

In this section, an effort has been made for establishing a new
measure of fuzzy entropy, intended to develop a novel measure
of symmetric fuzzy cross-entropy as presented in the following
two Theorems 3.1 and 3.2.

31 Theorem. Show that FH (A) =
Z?:llog% {1 +}1\/A,Zt(xi)(l —a /](x,»))J is a valid measure of fuzzy
entropy with minimum value zero and maximum value as
(2 - log%2>n.

Proof. (i) Clearly FI?I(A) > 0 with equality iff 4 gt (x;) = 0 or 1.

(ii) FI:I (A) remains unchanged whenever » 1t (x;) and 1 —» i (x;)
are interchanged.

(iii) Concavity: The series on the right-hand side of FITI (A)is a
positive term series and hence it is uniformly as well as absolutely
convergent, which in turn, possesses continuous first and second

order partial derivatives w.r.t. /i (x;).Thus, differentiating FI:I (A)
partially w.r.t. 4 it () yields:
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9 H(A) _ 1-24 (%) )
nt(x) 8logdy/ap= (x)(T—a = (%)) (1+ 1/ a = () (T =4 = (1))

(1*2AIN1(X1'))2

- - — — 2
64 110 (1= a L x)) (1434 ) (1= 4 1)) )

GHEA) 1 N (1-24fi0))” <0
k : <
Gux) 1082 | g, (1wt 10/ AR (1 are0)

+— - 1 - =
ALl @) (1= 22 @)) P (1w (1- At )) |

ol

for each 4 i () € [0, 1]. This validates the concavity of ¢ H (A) w.r.t.
4 IL(x;). Also, the three-dimensional rotational plot represented by
Fig. 1 (Table 1) establishes the concavity property of the proposed
fuzzy entropy FItI (A).
(iv) Because of the concavity of FPNI (A) with respect to 4 i (x;),
Op H(A)

we should have its maximum value and it arises when o 0
A 1L(Xi

which gives 4 it (x;) = 1. Also,

Max.; H(A) = H(A)|

3.2 Theorem. For any two FSs A, B € X X, rsK(A,B) is a correct
symmetric measure of fuzzy cross entropy where

Table 1
Properties of the proposed fuzzy entropy rH (A), symmetric fuzzy cross entropy
rsK(A,B) and SVNCE measure.

Mathematical
Formulation

Proposed Measures Graphical Representation

Fuzzy Entropy

#H (A)
Fig. 1. A3-D rotéﬁonal plot N
representing the concavity of rH (A)
Symmetric Fuzzy rsK(A,B)
Cross Entropy
Fig. 2 A 3-D plot‘representing the
max/ min values of rK(A,B)
Single Valued o :
H(A
Neutrosophic nH (4)
Entropy
Fig. 3. A 3—]5 contour plot representing
the min. value of yH (A)
2+t +0b
2+t +t)logs {—
( 213 + ity +t; + £
2
> 2+t + tz)log% E for each ty,t; € [0, 1] M

n
rsK(A,B) =

i=1

(2 +a [L(%) +8 ﬁ(xi))log;l

2+ A LX)+ p JL(%)
%[3+Aﬁ<x;>+sﬁ<xi>+ Aﬁ<xi>sﬁ<xi>]

— A R(%)— B LX)

+<4 —a LX) 5 ﬁ(xi)>10g% L[E’ =

which measures the fuzzy uncertainty between the fuzzy sets A
and B.

Proof. It is instructive to note that the conditions (iii) and (iv) of
def. 2.5 are straightforward. For the establishment of non-negativity
of iK(A,B), we proceed as follows. For t1,t; € [0, 1], define

24t +t
h(t1,6) =6+ 2+t + tz)log% {m}
4-ti—t
+ (4 -1t —t)logs
@-h-t) g%{5t1tz+ (1t1)(1t2)}

We turn to establish the following lemma, intended to justify
the non-negativity condition of the proposed symmetric measure
of fuzzy cross entropy.

Lemma 3.1 Let Hs(tq,t;) and A(tq,t;) denote the Heron’s and
Arithmetic mean respectively, then there exists the inequality:
Hs(t1,t;) is less than or equal to A(ty, t,) for each ty,t; € [0,1].

Proof. It is mandatory to subtract the two given expressions of
means to yield

b+vhta+t i+t 1
Ha(tr.t2) ~A(ty,t) =52 o e (Vi - V) <0

The resulting inequality yields

4
— Al (xi)— B.Tl(xi)+\/(1A/Nl(Xi))(1Bﬁ(’ﬁ))J}

Interchanging t;,t, with their counterparts (1 —t;),(1 —t;) in
the foregoing inequality (1) yields

4—t; -t
4 —t; — ty)log;
(4 -h —t)logy 5+\/(1t1)(1t2)t1tj
> (4t~ )log E] Vi, b € [0,1] 2)

With due permission of the foregoing inequalities (1) and (2),
we get the following desired result: “For each ti,t; € [0,1], there
exists the inequality h(ty,t;) >0 with equality iff h(t;,t;) =0".

Thus, rsK(A,B) = z;‘zlh(Aﬁ(xi),B ﬁ(x,»)) > 04 [L(%),5 [t (x) with

equality iff 4 1 (X;) =5 JL(x;)

The result of following Theorem 3.3 will put us in a better posi-
tion to discuss the situation where the newly developed symmetric
measure of fuzzy cross entropy rsK(A, B) can assume its maximum
and minimum values.

3.3 Theorem. For any two FSs A, Be X, 3 the inequality

0< g K(A,B) < 6(2 — log%Z) n, where n is a fixed integer

Proof. It is informative to note that rK(A,B) does not change
whenever the fuzzy set B is replaced with A°. Thus,
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3
24+\/AluN

rsK (A, A%) Z(alog3

= 6lo
Z = T+3vVa ()T —a p~ (x ))}

= ; [Glog%g— 6log; {1 +Z\/Aﬁ(xi)<1 A ﬁm))”

3)

With the aid of the resulting Theorem 3.1, the undergoing
equality (3) yields

J(T—a (Xt))]}

ool

rsK (A, A%) = 6(2 - log%Z) —+H(A) (4)

The employment of the non-negative conditions: ¢ H (A) > 0and
rsK(A,B) > 0 into the undergoing equality (4) yields

log;2)n - T K(AA) >0 0< s K(AA)

FFI(A):(z— s

< 6(2 - log%2>n (3)
The resulting inequality (5) suggests that K(A A°) is finite

when n is finite. On the same pattern, it can be easily shown that

rsK(A,B) satisfies 0 < rs K(A,B) < 6(2 - log%Z)n‘ Since the maxi-

mum value of FI:I(A) is (2 - log%2>n, (5) suggests that the mini-
mum value of (sK(A,B) is zero. Also, for any crisp set A, i.e., when
A LX)
the maximum value of gK(A,B) is 6(2 -

=0 or1, the minimum value of FfI(A) is zero and hence
log%Z)n for a given n
and this value is independent on the elements in X and depends
only on the cardinality of the universe of discourse X. Also, from

three dimensional plot as shown in Fig. 2 (Table 1), it is evident that
rsK(A,B) increases as |A — B| increases, attains its maximum

value 6(2 - log%2>n at the points (1, 0) and (0, 1) and attains its

2+ A LX)+ B JL(%)

minimum value 0 at A = B. We now divert our intention to estab-
lish one more important theorem, the result of which will play a
vital role for developing the desired SVNCE measure.

3.4 Theorem. Show that NI?I (A) is a correct measure of single
valued neutrosophic entropy with minimum value zero and maxi-

mum value as 3 (2 - log%Z)n where

1% A?(x,-)(kﬁ(x,-))}
+1+\/ (x,Af %"

244 fiy (X )+Af( 0]

—Af(x) le_"mx")) <1_A}(xi)> |

x4 3 A ’log% 1+ - -
A—ppta(Xi) —a f (%)

Nﬁl(A) = (2 - Zlog%Z) n+ ilog%
i=1

+—2+A#(X2+Af(xi) xlog% [l

1

Proof. The conditions (i), (ii), (iii) and (iv
ously true.

Concavity. We can, equally well, repeat the procedure employed
in developing the results of Theorem 3.1 to establish the concavity

) of def. 2.3 are obvi-

of NI:I (A) with respect to 4 i (X;), A ;(x,-) and Af (x;). Thus,

n

Max.xH(A) =Y (log%§+4log%%f 210g%2> =3 (2 - 210g%2> n>0

i=1

Also, from the three-dimensional contour plot of the single val-
ued neutrosophic entropy as shown in Fig. 3 (Table 1) it is evident

that the minimum value of NItI(A) is zero.

We now reinterpret the resulting Theorem 3.4, intended to
develop two more important Theorems 3.5-3.6, the results of
which will, subsequently, applied for identifying defects of bearings
installed in a test rig and axial piston pump.

3.5 Theorem. For any two SVNSs A, B € X, show that snsK(A, B)
is a correct SVNCE measure represented as

n
swsK(A, B) =

i=1

(244 1) +5 12 (x)logy {

4— 4 JL(x)—

2 [3+ AR+ B R (x)+/ 4 L (x)p I (Xx')} ]

+(4

Lvweymmn

—A ,lNl(Xi) —B /Nl(xi)>1083

Bﬂ(xt)
3[5-afttx)- s R+ (1= a2 x)) (1= 8 x)) |

=

(2 +a ;(x,-) +3 ;(x,-)>log3[

2440 ()45 i (%) ]

%{Mﬁ(xim?(xiw A?o«»)ﬁ(xf)]

(1=af o) (1= )

+
i=1 ~ ~ ~ -
+<4 —a (%) —s i(x,-))log% —Aalts i)
i %[S—Ai<xi>—s:<x1>+\/(1—Ai(x,))(l—suxl))]
240 f(0) 0 f (%)) logy| - Eealafo
n ( : %[3+Af<xi>+sf<x,->+\/Af<x,->Ef<x.->]
+
i=1 P P Fix)—nf(x
(4= F o) -0 Fx) )logy Al el
%[S’Af(xi)’Bf(xiH’
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Proof. It is quite straightforward
3.6 Theorem For any two SVNSs A, Be X,3 the inequality

0 < suns K(A,B) < 18(2 - log%Z)n, for a fixed n.

Proof. Replacement of B with the complement of A into the
resulting Theorem 3.5 yields

n
swsK (A,A%) =2

i=1

5

measure to identify faults of some rolling bearing elements
installed in a test rig and axial piston pump.

4. Application of the proposed SVNCE measure for identifying
defects of bearing installed in customized test rig

+ <4_A ﬁ(xf)—Af(Xi)>X

logs 1 + 3logs 3
“, ]‘H\/ 1 adi ) (147 ) ’ %[H%\/Auxn(l—u(xn)]
| i) aT )
6+3log%§
5 n <2 +a [t(xi) +a f(x,))log%{l +#m:| + (4—A [NJ(X,) —Af(X,‘)>><
= w1/ (1= 4l ) (1= 47 () ~ ~
log, {1 + EfoApa.)f)i}(xA) ) +3logs|1+44/ai (x,)(l —a i(xi)>
[ 2 _ 210g32 + (2+Al~1(xi3)+Af(Xx)) log; |:1 + 1+ 2] u(xl),.f(x,-):| 1
2 2 2+ A X))+ f (%)
n 9 (4*Ap(xi)*A}(Xi)) 1+ (]*Aﬁ(xﬂ) (]*Af(xi)
= = — — 42 ogs |1 + — =
21:1 6+310g%8+3(2 210g%2> 3 } & 4= g R0 aS ()

Plugging the result of Theorem 3.4 into the foregoing equation,
which on reinterpretation, gives

snsK (A, A°) = 18 (2 - log%2>n —6yH(A) (6)

of condition:

NI?I(A) >0V 1L (X)), A ;(x,»),,qf(x,») € 10,1] into the resulting equa-
tion (6) yields

Employment the non-negative

0<, H(A) = 3(2 - log%2>n —% sns K(A,A) <0= 0
(7)

suggests that
inequality:

< swns K(A,AY) < 18(2 - log%2>n
(7)

Discussion:-The inequality
SVNSK(A7B) the

0 < svns K(A,B) < 18(2 —log%z)ni Since the maximum value of

resulting
satisfies

NFI(A) is 3(2 - log%Z)n, equation (7) permits us to suggest that
the minimum value of synsK(A, B) is zero. Also, when A is a crisp
set, then, the minimum value of y H (A) is zero and hence (7) yields
that the maximum value of synsK(A, B) is 18 (2 — log%2>n for a given

n and this value is independent on the elements in X and depends
only on the cardinality of the universe of discourse X.

In the following section, we shall, equally well, provide the
applicability and feasibility of the newly discovered SVNCE

+log%

1 +31\/A;(Xi)<1 —a 7(Xz‘))J

4.1. Experimental set up

This investigational study was done on a test rig shown in Fig. 4.
The two bearings (bearing 1 and bearing 2) at both ends support
the shaft. A 346-watt AC motor gives power to the shaft via pulley
arrangement. A disc of mass 2 Kg is attached in the middle of the
shaft (between bearing 1 and bearing 2) which rotates along with
the shaft. The bearing is loaded in the vertical direction through a
lever arrangement. For the measurement of applied load, the test
rig also has a load cell beneath the bearing housing. The shaft speed
can be measured by a proximity sensor. Vibrations signal from the
test rig were measured by mounting accelerometer on the bearing
housing. The bearing used for analysis is cylindrical roller bearing
((NBC: NU205E)) with specifications given in Table 2. The pho-
tograph of defective components of bearing is shown in Fig. 5. A
seeded groove of defect width 0.5 mm was generated on the outer
and inner race of the bearing.

4.2. Vibrational signal data processing

The framework of the proposed methodology for identifying
faults in some rolling bearing is shown in Fig. 6. In this study, vibra-
tion signals under the conditions-(a) fault free, (b) bearing with
faults on outer race and (c) bearing with faults on inner race - were
acquired. The data acquisition device NI-USB-4431 was used to
acquire vibration data. Typical raw vibration signals under the
three mentioned conditions are shown in Fig. 7(a-c). The recorded
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Lever arrangement '
for loading

Accelerometer

Fig. 4. A Typical view of the test rig.

Table 2
Specification of the cylindrical rolling bearing
installed in customized test rig.

Pitch Diameter (D) 38.9 mm

Ball Diameter (d) 7.5 mm
Number of rolling elements (N) 13
Contact angle (¢) 0°

NI

EREREFAERRERRRRE

Fig. 5. Photograph of defective components of cylindrical rolling bearing (a) Outer
race (b) Inner race.

signals were processed in MATLAB environment and all the
acquired signals were decomposed by applying 3-level WPT with
Symlet 2 wavelet. A total of 270 signals were acquired, 90 under
each condition. Out of which, 30 signals under each condition, were
used to develop the model and the remaining 60 signals to test the
model.

4.3. Wavelet packet decomposition

Let k represents the number of sub-frequency bands and y; ()
denotes the wavelet coefficient at 3-level and k™ sub frequency
band. Let y(t) be any particular vibration signal, then

y(t) = Zfigly“(t). A 3-level wavelet packet decomposition con-
centrates the vibration signals generated by faulty bearings into
2° —1 =8 sub-frequency bands. The sub-frequency bands at 3-
level of decomposition for fault-free, bearing with faults on its
outer race and inner race respectively are shown in Figs. 8-10
respectively. The sampling frequency in this work is f; = 70,000
samples per sec. The frequency intervals of each band can be calcu-

lated by using the formula [“‘;—Pfs,%]

The eight sub-frequency bands corresponding to the various
signals  y,,(i=0,1,2,...7) are: (0,4375],(4375,8750], (8750,

Extracting Lower and Upper Energy Bounds of energy
eigen values

Establishing energy intervals ranges at different sub-
frequency bands

Computing SVNCE values between known bearing
conditions and real testing Samples

Identifying fault types according to minimum SVNCE
Values
Fig. 6. Block diagram for identifying bearing faults using the proposed SVNCE
measure.

100
LY
-
2
a. 0 » g
€
<
-100 - 1 T T 1 T 1
0 0.05 01 015 0.2 0.25 03
Time (sec)
(a)
160
& 100-
a 0-
E
< -100-
-160 1 1 [ 1 1 |
0 0.05 01 015 0.2 0.25 03
Time (sec)
(b)
160
Y 100-
&
5 0-
£
< -100-
-160 - i 1 1 1 0 1
0 0.05 01 015 0.2 0.25 03
Time (sec)

(©)

Fig. 7. Raw vibration signals under different conditions (a) fault-free (b) bearing
with faults on outer race and (c) bearing with faults on the inner race.

13125],(13125,17500],(17500,21875],(21875,26250](26250,30625],
(30625,35000]

Let, after decomposition, P represents the energy eigenvector of
the k™ sub frequency band and Y3 (i) is the i™ discrete point ampli-
tude of  the wavelet coefficient  y3,(t), then
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PY = 52y, (0 sk =0,1,..7. The wavelet packet energy is

greatly influenced with the faults of rolling bearings, so it becomes
necessary to extract the energy eigenvalue for diagnosing faults of
rolling bearings.

Let T = [Pg,P;,P;P;P;‘,P;,Pg,P;] (8)
then T is called as energy eigenvector and can be constructed based
on energy eigenvalues of each sub-frequency bands. Let Max.P; and
Min.P; represents the maximum and minimum energy eigen value
in a 3-level sub-frequency band respectively. For diagnosing faults
of rolling bearings, it is necessary to normalize these energy eigen-
values of the wavelet packet energy to be bounded in the interval
[0,1]. Thus, the normalized energy eigenvector T can be described
as:

s «0 pxl 2 p+3 prd p*5 p*6 p*7
I = P37P37P37P37P37P37P37P3]§

M.kzo 1.2...7.
Max.P{ — Min.PX’ Y

The normalized energy eigenvalues of vibration signals are
represented in the Energy Histograms displayed in Fig. 11. For

9)

where Py =

different types of faulty bearing, the eigenvalue of the wavelet
packet energy has the distinguishing distribution at the individual
sub frequency band. Based upon a lot of experimentation and data
comparison, we have been able to extract lower and upper bounds
of the normalized energy eigen value for each knowledge of fault
types and establish the energy interval ranges as represented in
Table 3. In the present case, we represent the knowledge of fault
types experienced by rolling bearing by the set A = (A,A3,As)
where A; = Fault free bearing, A, = Bearing with fault on its outer
race and A; = Bearing with fault on its inner race. This research
paper considers equal importance of each energy eigen value in
each sub-frequency band, therefore, the weights can be assumed
asw;=4(=1,2,.38).

4.4. Identification of faults of rolling bearing installed in a customized
test rig

Let ﬁAK(x,-) and E’AK(X,-)(K:1,2,3;1':172,..,8) represent the

lower and upper bounds of the i™ energy eigen value for a typical
knowledge of fault type Ax(K = 1,2,3). Then, the energy interval
ranges for typical faults types can be represented as:
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Fig. 11. Energy Histograms of (a) Fault free bearing (b) bearing with fault on its outer race (c) bearing with fault on its inner race.
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Table 3

Energy interval ranges of eight sub-frequency bands.

Fault Types Energy in each sub-frequency band

Py py! Py Py Py Py Py Py
Ay: Fault-Free [0.31 0.69] [0.54 1.00] [0.31 1.00] [0.40 1.00] [0.48 1.00] [0.21 0.91] [0.38 0.99] [0.36 1.00]
Ay: Inner race [0.00 0.35] [0.01 0.02] [0.02 0.04] [0.02 0.13] [0.05 0.10] [0.01 0.04] [0.00 0.05] [0.01 0.21]
As: Outer race [0.05 0.86] [0.00 0.28] [0.00 0.19] [0.01 0.20] [0.00 0.22] [0.00 0.18] [0.13 0.57] [0.06 0.35]
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<0, [fg (00). Une (0] >, < o [, (%2), Une(%2)] > < %, [y (13). Un (33)] >,

A= 3 < . [y (%a). Upe(20)] > < 3. [ By, (%5). Unc(x5)] > < %6, [fy, (%), Un 6)] >

< X7, [;‘AK (%7). Un (X7)} >, < Xg, VJA,( (xs). U (XS)] >

Table 4

Energy interval ranges of typical fault types at eight sub-frequency band represented in the form of SVNSs.

Energy in each frequency Band

Fault Types pgo p;‘ p§2 p;3

4 +5 +6 +7
P3 P3 P3 P3

A [0.31 0.38 0.31]
A [0.00 0.35 0.65]
A [0.05 0.81 0.14]

[0.54 0.4 0.00]
[0.01 0.01 0.98]
[0.00 0.28 0.72]

[0.31 0.69 0.00]
[0.02 0.02 0.96]
[0.00 0.19 0.81]

[0.40 0.60 0.00]
[0.02 0.11 0.87]
[0.01 0.19 0.80]

[0.48 0.52 0.00]  [0.21 0.70 0.09]  [0.38 0.61 0.01]  [0.36 0.64 0.00]
[0.050.10 0.85]  [0.01 0.03 0.96]  [0.00 0.05 0.95]  [0.01 0.01 0.79]
[0.00 022 0.78]  [0.00 0.18 0.82]  [0.13 0.44 0.43]  [0.06 0.29 0.65]

Let fa, (%) =1 — Upe(x;) and iao(x;) = 1 — f o, (X;) — U (x;) where

the values of ;AK (x;) is restricted to 0 - 01 if it is less than 0-001.
Then, the set Ax can be extended to SVNSs as shown in Table 4
and re-written as:

a (X2) | >,

M ( IAK (%2),

<., (0. 0. o )

>, <Xa,
<X3, [/NJAK (X3)-?AK (Xz)fA,( (Xs)} >, <Xg,

>, <Xs, | Hp, (X6), lAK X6).fa, (X6) | >,

i |
[t ). ). (m] >,
G |

<t g (05, 09 i 1)
<x {

)
fing (%7), T (7). F <x7>] - <X, [ﬁAK (), g (%) g <x8>} >
satisfying p~,, (x1),17 4 (X1).f "4 (1) : X = [0, 1] 1™ (X1) +17a (x1) +f 74 (1) <3

Let the real testing samples Fr,(j = 1,2,3) can also be described
in the form of SVNSs as:

<X1,[0-56,0-32,0-12] >,<X,,[0-60,0-16,0-24] >, <X3,[0-54,0-34,0-12] >,
Fr,={ <x4,(0-54,0-32,0-14] >,<x5,(0-46,0-16,0-38] >, < X5,[0-59,0-41,0-00] >
<X7,[0-69,0-31,0-00] >, < x5,[0-70,0-24,0-06] >

<x1,[0-33,0.09,0-58] >,<X,,[0-03,0-02,0-95] >, <X3,[0-03,0-03,0-94] >,
Fr,={ <x4,[0-00,0-03,0-97] >,<xs,[0-05,0-03,0-92] >, < X;,[0-04,0-03,0-93] >
<X7,[0-03,0-02,0-95] >, <x5,[0-10,0-06,0-84] >

<X1,[0-75,0-25,0-00] >,<X,,[0-26,0-07,0-67] >, <X3,[0-04,0-04,0-92] >,

Fr, ={ <4,(0-01,0-04,0-95] >, <x5,[0-15,0-08,0-77] >,< X,[0-17,0-05,0-78] >,

<7,[0-58,0-34,0-08] >, < x5,[0-36,0-28,0-36] >

In short, the defined values of real testing samples can be finally
represented into the form of SVNSs as

Fr(=1,2,3)= {<x,—, {ﬁﬁ,j CONTS (x,—),fﬁj (x,-)] >};(i:1,2,3,..,8).

With due permission of the resulting SVNSs and replacing

AlL(x).2 1(X).2 f(x) with newly defined Fa (%), i (X )vaK( )
respectively, the newly discovered SVNCE measure in Theorem 3.5
takes the following form:

swsK (A, Fr, ) (K=1,2,3=1,2.3)

N N 2+p, (%)+ gy (%)
24 P (Xi) + [, (Xi) lOgg . +
J ~ ~ ~ ~
3 3 [3%,( i) Heg 00+ [ ODRer, (% >]
:Zwi _
i=1 ~ ~
' A-fipg ()~ gy (%))
4- HAK< i) — .“F, (%) l‘)gg .
%[S—ﬁAK (5) ey (x,>+\/ (1 x0) (1—ﬁp,J <x,>)J
~ ~ 2+?AK (x()ﬂpr (%)
2+ ia (%) + 15 () log; ! +
8 %[3+iAK (Xi)+iFTj (i) /[ iag (Xi)iFTJ (X,J}
+ZW,’
& ~ .
' ~ A—igy (%)=, (i)
4—1Ak(x)—tp, (i) logs L
5 T )y, € x.>+\/(1—iAK(x.)) (HFTJ (x.))J

2+fAK Xi +fr1 (i)

<2+fAK(x1 +fr, x, log; +

8 3+f/\K X;Hfrr (%i)+ /f/\,( Xi fFT X1:|

4- fAK i) frT (%)

\/(H‘AK ) (H““FTJ (x,))J

<4 f 4 (Xi) — log;

%5 fAKxx

(10)

The SVNCE values synsK (A,ﬁFrj) between real testing samples

Fr,(j =1,2,3) and various knowledge of fault types Ax(K = 1,2,3)
can be calculated using Eq. (10). Using Minimum argument princi-
ple of fault diagnosis, the fault diagnosis order and fault condition
type of all three kinds of bearings obtained by the proposed SVNCE
measure as well as by the existing method [21] are represented
below (Table 5).

4.5. Diagnosis results and comparative analysis

The diagnosis can be carried out by computing minimum SVNCE
values between the real testing samples Fr,(j = 1,2, 3) and various



10

Table 5
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Fault diagnosis order obtained by the proposed method and the existing method based on SNSs [21].

Existing method based upon SNSs

Measure Correlation coefficient Values Fault diagnosis order Fault condition identified Actual fault condition
Ay Ay As

Mgns(Ak, Fr,) 0.7551 0.4109 0.5909 Al — Ay — As Healthy Healthy

Msns(Ak, Fr,) 0.3117 0.9432 0.7655 Ay — A — Ay Outer race Outer race

Msns(Ak, Fr,) 0.5389 0.7703 0.8063 A — Ay — A Inner Race Inner Race

Proposed method based upon SVNSs

Measure SVNCE Values Fault diagnosis order Fault condition identified Actual fault condition
Ay Ay As

sunsK(Ak, Fr,) 0.2606 1.2923 0.8627 Al — A3 — Ay Healthy Healthy

sunsK(Ak, Fr,)) 1.5942 0.0770 0.2618 Ay — A3 — Aq Outer race Outer race

sunsK(Ak, Fr,) 1.0026 0.5197 0.2689 A3 — Ay — Aq Inner Race Inner Race

Table 6

Confusion matrix showing classification performance on test data using the proposed method based on SVNSs.

Predicted Class

Overall accuracy %

Fault free Fault on Outer race Fault on Inner race
Actual Class Fault free 60 0 0 100
Fault on outer race 0 60 0
Fault on inner Race fault 0 0 60
Table 7

Fault identification accuracy of the proposed method and the existing method based on SNSs.

Method Accuracy % Overall accuracy %
Fault free Outer race fault Inner race fault

Existing method based on SNSs [25] method 100 100 93.3 97.7

Proposed method based on SVNSs method 100 100 100 100

knowledge of fault types Ax(K = 1,2,3) as shown in Table 5. The
results of Table 5 provide us the information that the proposed

SVNCE measure synceK (AK, Frj) (j =1,2,3) returns exactly the same

fault diagnosis order and fault condition type as returned by the
existing method [21].

Diagnosis result 1. The minimum SVNCE value between the
first real testing sample Fr, and Ax(K = 1,2, 3) is 0.2606,which cor-
responds to the condition type Ay, i.e., healthy condition. Similarly,
the maximum value of Msys (A, Fr, ) is 0.7551 which corresponds to
the condition type A;. On inspection, it was discovered that bearing
was healthy.

Diagnosis result 2. For the second real testing sample Fr,, the
minimum value of synsK(Ak,Fr,) is 0.0770 which corresponds to
the condition type A, which indicates that the fault is first resulted
from the damage of outer race. Similarly, the maximum value of
Msns (Ak, Fr,) is 0.9432, which corresponds to the condition type
A,. Furthermore, on inspection of bearing, it was found that bearing
was damaged, and it was having defect on its outer race.

Diagnosis result 3. For the third real testing sample Fr,, the
minimum value of synsK(Ak,Fr,) is 0.2689 which corresponds to
the main fault type A; which indicates that the fault is resulted
from the damage of inner race. Similarly, the maximum value of
Msns (Ax, Fr,) is 0.8063, which corresponds to the condition type
As. Also, during checking of bearing, we discover that the bearing
was damaged, and it was having defect on its inner race. The above
discussion validates the effectiveness and reliability of the pro-
posed SVNCE measure based upon SVNSs.

4.6. Fault identification accuracy of the proposed SVNCE measure

The fault identification accuracy of the proposed method based
upon SVNSs is 100% (Table 6) and is also compared with the exist-
ing method based on SNSs [21]. The comparison is presented in
Table 7 which verifies that the fault identification accuracy of the
proposed method is much better than the well-established predic-
tion method based on SNSs.

5. Application of the proposed SVNCE measure to identify
bearing defects of axial pump

In this section, we shall apply the proposed method to identify
bearing defects of axial pump. The experiments were performed
on the customized test rig as shown in Fig. 12(a). The test rig was
manufactured by Ningbo Hilead Hydraulic Co., Ltd. and is equipped
with speed monitor, manual speed and pressure governor,
accelerometer, serve motor, data acquisition device. To simulate
the defect conditions, damage was produced on the following com-
ponents mentioned in Table 8. The specification of components of
roller bearing under study are given in Table 9. The photograph
of defective components is shown in Fig. 12(b).

5.1. Vibrational signal data processing

In this case, vibration signals were acquired under three
conditions-(a) bearing with defects on its roller, (b) bearing with
defects on its outer race and (c) bearing with defects on its inner
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(b)

Fig. 12. (a). Typical view of the test rig and (b) A typical view of the defective
components of bearing under study.

Table 8
Defects under study.
Component Defect type Size
Bearing Groove on inner race 0.5 mm
Groove on outer race
Groove on the roller
Table 9

Specifications of the cylindrical rollier bearing
under study.

Pitch Diameter (D) 49.1 mm
Roller Diameter (d) 9 mm
Number of rolling elements (N) 17
Contact angle (¢) 0°

-
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Fig. 13. Raw vibration signals under different conditions (a) Defect free (b) Bearing
with faults on its roller (c) Bearing with faults on its inner race (d) Bearing with
faults on its outer race.

race. The signals were processed using the methodology given in
Fig. 6. Typical raw vibration signals under the three mentioned con-
ditions are shown in Fig. 13(a-d).

The sub-frequency bands at 3-level of wavelet packet decompo-
sition for bearing with normal condition, faults on its roller, outer
race and inner race respectively are shown in Figs. 14-17 respec-
tively. The sampling frequency in this case is 48,000 samples per
sec. The frequency intervals of each band can be calculated by using

the formula [“"z%fs,%], where k represents the number of sub-

frequency bands.

The eight sub-frequency bands corresponding to the various sig-
nals y3;(i=0,1,2,..7) are having frequency:

(0 3000], (3000 6000] (6000 9000] (9000 12000] (12000 15000]
(1500 18000] (18000 2100}, (18000 24000]. The normalized energy
eigenvalues of vibration signals in the present case are represented
by the Energy Histograms as displayed in Fig. 18. For different types
of knowledge of fault types, the eigen value of the wavelet packet
energy has the distinguishing distribution at the individual sub fre-
quency band. Based upon a lot of experimentation and data com-
parison, we have been able to extract lower and upper bounds of
the normalized energy eigen value for each knowledge of fault
types and establish the energy interval ranges as represented in
Table 10. In this case, we represent the knowledge of fault types
experienced by rolling bearing by the set A = (A4,As,As, A7) where
A, = Bearing with defect free condition, As = Bearing with fault
on its roller, Ag= Bearing with fault on its outer race and A; = Bearing
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with fault on its inner race. Also, the set Ax(K =4,5,6,7) can be
extended to SVNSs as shown in Table 11.

The real testing samples Fr,(j = 4,5,6,7), can also be described
in the form of SVNSs as:

<%,[0-76,0-14,0-10] >, < x,,[0-09,0-01,0-90] >, < x5,[0-11,0-08,0-81] >,
< X4,[0-05,0-04,0-91] >, < x5,(0-05,0-05,0-90] >, < Xs,[0-04,0-01,0-95] >,
<%7,[0-07,0-06,0-87] >, < x5,[0-10,0-10,0 - 80] >

Fr, =

4
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< X1,[0-57,0-06,0-37] >, < x,,[0-31,0-14,0-55] >, < x3,[0-64,0-05,0-31] >,
Fry =< <X4,[0-34,0-09,0-57] >, < x5,[0-31,0-11,0- 58] >, < x5,[0-28,0-13,0- 59] >,
<X2,[0-11,0-16,0-73] >, < x5,(0-02,0- 16,0 - 82] >
< X1,[0-01,0-00,0-99] >,< x,,[0-01,0-00,0-99] >,< x3,[0-07,0-00,0-93] >,
Fr,={ <x4,[0-15,0-02,0-83] >, < X5,[0-14,0-01,0-85] >, < X6,[0 02,0 - 00,0 - 98] >,
< x7,]0-01,0-01,0-98] >, < x3,[0-03,0-00,0-97] >
<%1,[0-18,0-00,0-82] >, < x,,(0-00,0-01,0-99] >, < x3,[0-04,0-00,0-96] >,
Fr, =< < X4,[0-00,0-02,0-98] >, < x5,[0-05,0-01,0-94] >, < x5,[0-04,0-01,0-95] >,
< x7,]0-44,0-10,0-46] >, < x5,[0-17,0- 03,0 - 80] >
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In short, the defined values of real testing samples can be finally
represented into the form of SVNSs as Fr(j=4,5,6,7) =

{< Xi, [ﬁﬁi (%), iy (%), f e, (x,»)] >}; (i=1,2,3,..,8).

The SVNCE values synceK (AK,FTJ) (A,<,FTj> between real testing
samples Fr,(j = 4,5,6,7) and various fault types A«(K = 4,5,6,7)
can be calculated using Eq. (10). Using minimum/maximum argu-
ment Principle, the fault diagnosis order, fault condition identified
and actual fault condition of various knowledge of fault types

obtained by the proposed SVNCE measure as well as by the existing
method [21] are represented below (Table 12).

5.2. Diagnosis results and comparative analysis

The diagnosis can be carried out by computing minimum SVNCE
values between the real testing samples Fr,(j = 4,5,6,7) and vari-
ous knowledge of fault types Ax(K = 4,5,6,7) as shown in Table 12,
the results of which provide us the information that the proposed
SVNCE measure synsK (AK,FT]) (j=4,5,6,7) returns accurate fault

diagnosis order.

Diagnosis results 1. For the real testing sample Fr,, the mini-
mum value of synsK(Ak,Fr,) is 0.3900 which, according to mini-
mum argument principle, corresponds to the normal condition A;.
Also, during inspection of bearing, it was found that bearing was
healthy. Also, the existing method [21] based on SNSs gives similar
results in this case.

Diagnosis result 2. For the real testing sample Fr,, the minimum
value of synsK(Ak,Fr,) is 0.4262 which, according to minimum
argument principle, corresponds to the fault type As which indi-
cates defect on the roller of the bearing. Thus, correctly identifies
the defect.

On another hand, the maximum value Msys (A, Fr,) is 0.7118
which, according to maximum argument principle, corresponds to
the fault type A; which indicates inner race defect in the bearing.
Thus existing method [21] based on SNSs mistakenly identifies
roller defect as inner race defect.

Diagnosis result 3. The minimum SVNCE value between the
real testing sample Fr, and Ax(K =4,5,6,7) is 0.0368,which,
according to minimum argument principle, corresponds to the
condition type As which indicates outer race defect in the bearing.
Furthermore, during checking of bearing, we discover that the
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bearing was damaged and it was having defect on its outer race. Diagnosis results 4. For the real testing sample Fr,, the mini-
The existing method [21] based on SNSs also identifies this fault ~ mum value of swnsK (Ax, Fr,) is 0.0658 which, according to mini-
as outer race fault. mum argument principle, corresponds to the fault type A; which
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Table 10
Energy interval ranges of eight sub-frequency bands.
Fault Types Energy in each sub-frequency band
Py Py P Py py Py Py Py
Aq: Defect Free [0.74 0.90] [0.08 0.10] [0.11 0.19] [0.05 0.10] [0.05 0.11] [0.04 0.05] [0.07 0.13] [0.10 0.20]
As: Roller [0.63 1.00] [0.48 1.00] [0.65 1.00] [0.46 1.00] [0.45 1.00] [0.44 1.00] [0.31 1.00] [0.22 1.00]
Ag: Outer race [0.00 0.05] [0.01 0.02] [0.05 0.09] [0.05 0.16] [0.05 0.15] [0.02 0.03] [0.00 0.02] [0.00 0.03]
A7: Inner race [0.10 0.19] [0.01 0.02] [0.00 0.05] [0.03 0.10] [0.00 0.07] [0.00 0.03] [0.15 0.42] [0.06 0.16]

Table 11

Energy interval ranges of typical fault types at eight sub-frequency band represented in the form of SVNSs.

Energy in each frequency Band

Fault Types  ps0 P! P2 P Pt Py pss Py

Ay [0.740.16 0.10]  [0.08 0.02 0.90]  [0.11 0.08 0.81]  [0.05 0.05 0.90]  [0.05 0.06 0.89]  [0.04 0.01 0.95] ~ [0.07 0.06 0.13]  [0.10 0.10 0.80]

As [0.63 0.37 0.00] [0.48 0.52 0.00]  [0.65 0.350.00]  [0.46 0.54 0.00]  [0.45 0.55 0.00]  [0.44 0.56 0.00] ~ [0.31 0.69 0.00]  [0.22 078 0.00]

As [0.00 0.05 0.95]  [0.010.01 0.98] [0.050.04 0.91] [0.050.11 0.84] [0.050.10 0.85]  [0.02 0.01 0.97]  [0.00 0.02 0.98]  [0.00 0.03 0.97]

A; [0.100.09 0.81]  [0.01 0.01 0.98]  [0.00 0.05 0.95]  [0.03 0.04 0.90]  [0.00 0.07 0.93] ~ [0.00 0.03 0.97]  [0.15 0.27 0.58]  [0.06 0.10 0.84]
Table 12

Fault diagnosis order obtained by the proposed method based on SVNSs and the existing method based on SNSs [20].

Existing method based upon SNSs

Measure Correlation coefficient Values Fault diagnosis order Fault condition identified Actual fault condition
Aq Ay As Ay

Msns(Ak, Fr,) 0.8999 0.4161 0.8463 0.8571 Ay — A7 — Ag — As Defect Free Defect Free

Msns(Ak, Fr,) 0.6755 0.6829 0.7118 0.3652 Ag — As — Ay — A7 Outer race Roller

Msns(Ak, Fr,) 0.7199 0.2813 0.9581 0.8871 Ag — A7 — Ag — As Outer race Outer race

Msns(Ak, Fr,) 0.7827 0.3561 0.8832 0.9180 A7 — Ag — Ag — As Inner Race Inner Race

Proposed method based upon SVNSs

Measure SVNCE Values Fault diagnosis order Fault condition identified Actual fault condition
A A A; Ag

sunsK(Ak, Fr,) 0.0691 1.4677 0.2656 0.1787 Ay — A7 — As — As Defect Free Defect Free

sunsK(Ak, Fr,) 0.8334 0.2683 0.4380 0.4262 As — A7 — Ag — Ay Roller Roller

sunsK(Ak, Fr,) 0.3994 2.1184 0.0368 0.1527 Ag — A7 — Ay — As Outer race Outer race

sunsK(Ak, Fq) 0.2009 1.8463 0.1913 0.0658 A; — Ag — Ay — As Inner Race Inner Race

indicates inner race defect in the bearing. Also, during inspection of
bearing, it was found that bearing was damaged, and it was having
defect on its inner race. The existing method [21] based on SNSs
also identifies this fault as inner race fault.

5.3. Fault identification accuracy

The fault identification accuracy of the proposed method, in this
case, is 100% (Table 13) and is compared with the existing method
based on SNS [21]. The comparison is presented in Table 13. The
fault identification accuracy achieved using the existing method
based on SNSs is 90% which is less than 100% as obtained by the
proposed method based on SVNSs.

5.4. Validity test

For demonstrating the effectiveness and validity of the proposed
SVNCE measure under testing criteria as suggested by [27], we have

Table 13

inter-changed the degree of true and falsity membership of each
non-optimal (A4) and worse alternative (As) of the real testing sam-
ple Fr,. The new SVNCE values of synsK (Ak, Fr,;) and Msys(Ax, Fr)
along with the fault diagnosis order, non-optimal and worse alter-
natives of all the four kinds of familiar faults types are again calcu-
lated using Eq. (10) and are provided in Table 14.

A comparative analysis of the results of Tables 12 and 14
reveals that for the real testing sample Fr,, the fault diagnosis order
returned by the proposed SVNCE measure is As — A; — Ag — Ay
whereas the non-optimal and worse alternatives are Ag and A4
respectively. Under testing criterion [27], the proposed SVNCE mea-
sure holds the same optimal fault type selection. The non-optimal
and worse alternatives, which are A; and As now have been inter-
changed. This indicates that the proposed SVNCE measure based
on SVNSs is capable for holding the fault types selection. On
another hand, the existing method [21] based on SNNs fails to hold
the optimal fault type selection under testing criteria [27], which
indicates that the existing method [21] hides some useful evalua-

Fault identification accuracy of the proposed method and the existing Method based on SNSs [21].

Model Accuracy % Overall accuracy %
Defect free Fault on roller Outer race fault Inner race fault

Existing method based on SNSs [15] 100 60 100 100 90

Proposed method based on SVNSs 100 100 100 100 100




16

Table 14

Fault diagnosis order obtained by the proposed method and the existing method based on SNSs [21] under testing criteria [21].
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Existing method based upon SNSs

Measure Correlation coefficient Values Fault diagnosis order Non-optimal, Worse Alternative
A Ay As Ay

Mgns(Ak, Fr,) 0.8999 0.5762 0.3154 0.8571 Ay — A7 — As — As As,As

Msns(Ak, Fr,) 0.6751 0.6755 0.6829 0.7118 A; — Ag — As — Ay As,Aq

Msns(Ak, Fr,) 0.2646 0.5634 0.9581 0.8871 Ag — A7 — As — Ay As, Ay

Msns(Ak, Fr,) 0.3030 0.6245 0.8458 0.8970 A7 — Ag — As — Ay As, Ay

Proposed method based upon SVNSs

Measure SVNCE Values Fault diagnosis order Non-optimal, Worse Alternative
Aq Ay Az Ay

swnsK(Ak, Fr,) 0.0691 0.07089 1.5832 0.1787 Ay — A7 — As — Ag As,As

swnsK(Ak, Fr,) 0.6058 0.2683 1.0026 0.4262 As — A; — Ay — As Ay, A

sunsK(Ak, Fr,) 1.4137 0.8909 0.0368 0.1527 Asg — A7 — As — Ay As, Ay

sunsK (Ak, Fa) 1.3899 0.7568 0.1913 0.0658 A7 — Ag — As — Ay As, Ay

Table 15

Fault diagnosis order obtained by the proposed method and the existing method based on SNSs [21] under sensitive analysis.

Existing method based upon SNSs

Measure Correlation coefficient Values Fault diagnosis order Non-optimal, Worse Alternative
Ay Ay A; Ag

Msns(Ak, Fr,) 0.8999 0.4174 0.8463 0.8583 Ay — A7 — Ag — As As,As

Msns(Ak, Fr,) 0.7425 0.6254 0.7009 0.4371 Ay — A — As — Ay As, A7

Msns(Ak, Fr,) 0.7211 0.2646 0.9594 0.8883 As — A7 = Ay — As Ay, As

Mgns (Ak, Fr,) 0.7839 0.3534 0.8844 0.9193 A7 — Ag — As — Ay As, Ay

Proposed method based upon SVNSs

Measure SVNCE Values Fault diagnosis order Non-optimal, Worse Alternative
A Ay As Ay

sunsK(Ak, Fr,) 0.0692 1.4677 0.2657 0.1782 Ay — A7 — Ag — As As, As

sunsK(Ak, Fr,) 0.8312 0.2672 0.4391 0.4256 As — A7 — Ag — Ay Ag, Ay

sunsK(Ak, Fry) 0.3984 2.1027 0.0357 0.1502 As — A7 — Ay — As A4, As

sunsK(Ak, Fa) 0.2011 1.8403 0.1915 0.0653 A7 — Ag — Ay — As A4, As

tion information of fault types and thus affects the diagnosis anal-
ysis resulting in the distortion phenomenon. It is therefore con-
cluded that the final ranking for the real testing sample Fr, is
A4 —>A7 —>A6 ﬂA57 for FTS is A5 —>A7 _’AG —>A47 for F'rG is
As — A; — A4 — As and for Fr, is A7 — As — A4 — As respectively.

5.5. Sensitive Analysis.

For the sensitive analysis of the proposed SVNCE measure, we
have slightly changed the values < x5,[0-04,0-01,0 - 95] > of the
real testing samples Fr, to < xg,[0-04,0-02,0-95] >, < xg,[0- 02,
0-16,0-82] > of the real testing samples Fy, to < xg,[0-03,
0-16,0-82] >, < xs,[0-02,0-00,0 - 98] > of the real testing sam-
ples Fr, to <X6,[0-02,0-01,0-98] >, and < Xxg,[0-04,0-01,
0-95] > of the real testing samples Fr, to < xg,[0-04,0-02,
0-95] > respectively. Next, we have re-calculated SVNCE values
SVNSK(AK,FT})(]' =4,5,6,7) by using equation (10) and the fault
diagnosis order, non-optimal and worse alternatives of all four kind
of familiar faults types are represented in Table 15. Comparing the
results of Tables 11 and 15, we have seen that, under sensitive anal-
ysis, the fault diagnosis order, non-optimal and worse alternatives
of various real testing samples returned by the proposed method
based upon SVNSs do not change. We have also re-calculated the

new values of SNSM(A,<,FTJ>(]' =4,5,6,7) and the results are dis-

played in Table 15. It is therefore concluded that the proposed
method based on SVNSs is not sensitive since it holds the same
optimal, non-optimal and worse alternative selection under sensi-

tive analysis. But, on another hand, the existing method [21] based
on SNSs gives fails to hold the optimal fault type selection under
sensitive analysis (For the real testing samples Fr,).

6. Conclusion

In this study, we have been able to develop a novel symmetric
single valued neutrosophic cross entropy (SVNCE) measure based
upon a newly developed symmetric measure of fuzzy cross
entropy. The advantage of the symmetric nature of the proposed
SVNCE measure is that it can be applied more suitably for further
mathematical treatments in certain situations where membership
functions of asymmetrical phenomenon may produce undefined
or meaningless results. The developed method is applied to identify
faults of (a) cylindrical roller bearing installed in the customized
test rig and (b) bearing of axial pump. The concluded results reveal
that the fault identification accuracy of the existing method based
upon simplified neutrosophic sets (SNSs) is much less (90%). On
another hand, the newly developed method can identify every fault
with an accuracy of 100%. Moreover, under sensitive analysis, the
proposed SVNCE measure based upon single valued neutrosophic
sets (SVNSs) is capable for holding the fault types selection. It is
therefore concluded that, the proposed method based upon SVNSs
offers consistent and remarkable diagnosis information for the
main faults of the cylindrical rolling bearing as well as axial pump
bearing under consideration. This method is suitable for working at
constant speed. For effective working at varying speed, this method
requires removal of effect of speed by applying suitable processing.
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In future, we wish to extend our method for the identification and
prognosis of defects in different components such as gear, engine
and rotor.
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