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ABSTRACT

The probabilistic fuzzy set (PFS) and the relatembabilistic fuzzy logic system (PFLS) are desigfed
handling the uncertainties in both stochastic aokstochastic nature. In this paper, a novel prdisébi
fuzzy set is proposed by randomly varying widthghef Gaussian membership function. Then the related
PFLS is constructed and applied to logistics mdatpu system problem to study its stochastic modgeli
capability. It clearly discloses that the novel Ri€gform better than the previous PFS. The workeqmted
can extend the potential application of probabdifiizzy set.
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1. INTRODUCTION processing one aspect of uncertainties. So it would
be valuable to integrate the probability theoryhwit

There exist different uncertainties in many realthe fuzzy theory [8-9]. Consequently, some
world applications. These uncertainties can beoncepts and methods are proposed, such as
classified into stochastic and nonstochastiprobability measures of fuzzy events [10], fuzzy
uncertainties [1]. Generally, stochastic uncertagt random set [11], fuzzy random variable [12-13],
can be captured well by the probabilistic modelingionstationary fuzzy sets [14] and fuzzy model with
[2]. On the other hand, the fuzzy technique hagrobability-based rule weights [15], etc.
been witnessed to be a powerful modeling tool tGundamentally, two kinds of integration principles
nonstochastic uncertainties. Type-1 fuzzy set ignderlie these methods. One assumption is to
proposed [3] and it uses crisp membership grade fitroduce the fuzzy uncertainties into the statésti
modeling imprecise and vague informationframework. Another assumption is to introduce the
However, when the uncertainties are very complexgtochastic uncertainties into the fuzzy system.
it may not be suitable to use a crisp membershigased on the second assumption, the probabilistic
grade in [0, 1]. To capture the uncertainties ifuzzy set (PFS) is proposed and developed by
membership function (MF) more sufficiently, theintroducing the probabilistic theory into the
type-2 fuzzy set is first defined by Zadeh [4]. Ittraditional fuzzy set described by center and width
blurs the boundaries of the type-1 MF for directly{16]. As such, the fuzzy grades in the traditional
modeling the more complex uncertainties and h&ezzy set become the stochastic variables described
membership grades that are themselves fuzzy [3}y the secondary probability density function
Currently, type-1 and type-2 set have beefPDF), which make it able to capture both
successfully applied in many fields such as denisiostochastic ~ and  nonstochastic  uncertainties.
making [6], function approximation [7] and so on. Recently, based on probabilistic fuzzy set, the

In most of real-world applications, both probability fuzzy logic system is proposed and it
stochastic and deterministic uncertainties exidias been applied for stochastic modeling and
simultaneously. However, the traditional fuzzycontrol [16], function approximation problem [17]
theory and probabilistic models are only good aand so on.
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However, research about probabilistic fuzzy sets ) R

still remains at the beginning phase. The previous 0s

probabilistic fuzzy set is constructed through o

randomizing the center of the Gaussian type fuzzy w o]
set. The randomization of the width of the fuzzy se
has not yet been considered. In this paper, a novel
probabilistic fuzzy set is proposed by randomizing
the width of Gaussian fuzzy sets. Furthermore,
based on the novel probabilistic fuzzy set, the 4 :
related PFLS is applied to logistics manipulator o (crsp pu)
system modeling problem. It discloses that the (@
novel probabilistic fuzzy set performs better than
the previous probabilistic fuzzy set. Thus, it make
the probabilistic fuzzy set more applicable in
engineering applications.

This paper is organized as following: the
problem formulation is presented in section 2. In
section 3, a new type of probability fuzzy set will
be constructed. The modeling analysis of the novel -
probabilistic fuzzy set is conduced in section 4. T
Finally, the conclusion is given in section 5. S P (‘b) ok

2. PROBLEM FORMULATION Figure 1: (A) Fuzzy MF In The Probabilistic Fuzzst S
For The Perturbed Center; (B) The lllustration Gf 3

2.1 Probabilistic Fuzzy Set Dimension Structure In PFS.

The concept of probabilistic fuzzy sets have been o )

proposed to capture uncertainties with bot/-2 Probabilistic Fuzzy Logic System

stochastic and fuzzy features [16] by introducingp Similar to the ordinary fuzzy logic system, the

probability into the traditional fuzzy set descdbe PFLS still has operations of fuzzification, infecen

by center and width. Based on considering théngine and defuzzification. Different to the

random variation from the center of the traditionaPrdinary fuzzy logic system, the PFLS uses the

Gaussian fuzzy set, the random variation waRrobabilistic fuzzy set that is described by a ¢hre

introduced into the membership functions. So iglimensional MF. S _

probabilistic fuzzy set, for an input, there no (1) Defuzzification: the original inputs will be

longer is a single value or values for thdransformed into the probabilistic fuzzy sets iaste

membership function; instead, the membershiBf traditional fuz_zy sets based on probabilistic

function becomes a random variable that can g8€mbership function. , _ _

described by the secondary PDF as shown in (2) Inference engine: the inference in PFLS is

Figurel (). based on the fuzzy rules as follows:

As such, a 3-dimention membership function Rule j: If x is/A; and.. and x iS4

including the fuzzy dimension and the probabilistic N

dimension is hinted in the probabilistic fuzzy ast and...and i,

shown in Figurel (b), which makes it able to handle Then y isDB (1)

the information with both fuzzy and stochastic o L : _
uncertainties existing in the process. where A (i=1,2,..0n) (= 1,2,..] andB, are

probabilistic fuzzy sets. The probabilistic fuzzy
relation can be written as:

R i, 5 (XT) = AinBin..aBinB (2

where A x..x/A); is the Cartersian product of
Asihs o And A= U (U0, P

u()(Fuzzy membership grade
o o
N

P (x.u) (Secondary probability)
I i
=3
1Y
m_ 42
£
L]
A
1%
L3

Bi =U,y(Ug Uy, P). The element number in
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AinAgn..nAinBis M}.S,, 0% . where
SA.,‘ and % is the number of events th@“

andU, respectively.

Similar to the probabilistic fuzzy relation, the
stochastic characteristic of probabilistic fuzzyt se
can be expressed as follow:

(c,}O) X
P(Eﬁi) = EAM) OR EAz,,) [-0OR EAM)D R E) 3 Figure 2: Gaussian Fuzzy MF

where £, is the fuzzy membership grade of the |n engineering applications, based on the random
_ . sampling principle, in the process of repeatedly

probabilistic fuzzy relation el s (X7). extracting samples that follows the normal

the P(E.) . P(E; ) and P(E;) denote the distribution, if the samples numben is large

corresponding probability of the fuzzy gradeenou?fh [18_]I'| the é}listlrlibution of \;]ar;a”‘;ﬁ of thesei\
o d & . with E. d E samples will gradually approach to the norma

ol 8NG Ay WI A, 80 E distribution, which can be described as:

independent events. 60 N(a, £%) ®)

(3) Defuzzification: mathematical expectation of here @ is th : denotes th &
the centroid output is computed as the final crisﬁﬁv eret IS the varlancea denotes the mean

output. The traditional defuzzification computes th and S denotes the variance 6f.

centroid outputy, with the inference segz, as: In equation (7), the widthc of Gaussian is
3 regarded as the varianékof equation (8), it can
z Y e (X Y) bg seen as a rar!dom variable following the normal
y, =1L (4) distribution described as
iﬂf{(xy y,) ¢~ N(wA?) 9)
=1 Accordingly, shown as in Figure 3, the fuzzy
Uy = Max(4, ""’#ﬁz,"""u'ﬁ) (5) grade u,,, becomes a random variable

where y, is the crisp consequeny. and 4, are Uca, =912 \ith a certain distribution. Its
random variables. The crisp outpytof the PFLS Probability distribution can be obtained as:

. : . . |x-d (=)
is the mathematical expectation of the traditional Tome L G
defuzzification: R (Usa) = f; 5 % 0<ua<l
y=ExX¥%) (6) 0 otherwise
The established probabilistic fuzzy set only (10)
considers the random effects of the center gdnd the secondary PDF is
Gaussian MF, however random variations from the bed e
width are not considered. K-c|C2inyy, )? e
- LA —— Y 21 0< l‘b <1
PrObA (%au) \/ZT/‘UG au
3. ESQIZSJIR;E_?TION OF PROBABILISTIC 0 otherwise
(11)

Primary fuzzy membership function
‘] T

In this section, considering randomizing the
width of Gaussian fuzzy set, a new type of st
probabilistic fuzzy set will be proposed.

The primary MF as Gaussian type is described in
(7) shown in Figure 2.

0.6

°
b

‘The probabilistic density function

uzzy membership grad
°
2
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@
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Gau

.o

X(Crisp input)

where c is the centerg is the width, andx is the  Figure 3: Fuzzy MF In The Probabilistic Fuzzy Set F
input. The Perturbed Width
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And secondary PDF can be expressed as
Proof. equation (11).

Suppose the width¢ is a random variable 4. MODELING ANALYSIS

following normal distribution which can be

In this section, a logistics Rigid-Flexible
described as: g 9

manipulator problem is carried out to demonstrate

¢~ N(wA?) (12) some properties of the proposed PFS, and to
Then the density function is investigate its distinctive modeling capability in
—an &/ y engineering.
() =& 78 (13)
N2/ the-Rigid Strain
The random variable fuzzy grade is EIi »| gaug

Ug,, =€ 97269 (y_ 0(0,2)). ThoughU,,, is
non-monotonic, it is monotonically decreasing in

(0,+0), so the distribution function of fuzzy grade Rigid-Flexible
. - ipulat
U.., Can be obtained as following: — manipuistor

Obviously, when ug,, <0 , the distribution Figure 4: Rigid-Flexible Manipulator System

function ISF (Us) = P(Ug < Ug,) =0 (14) The Rigid-Flexible manipulator system is
Ugay \~Cau Ga designed for verify the validity of the distributed
When O<ug,, <1, the distribution function can parameter system as shown in Figure 4. When
been obtained as: signal is applied to the revolute joint of the fldr
F, (Usy) = P(Ug,, < Ugy) arm, the strain will happen on the flexible link
e arms, then Strain gauge which is pasted in flexible

link arms will appear distorted and produce strain

Gau

_(x=¢)?

=P(e * <u,) (15) voltage value. The strain voltage value can be used
(x-0)7? ) to Deduced the deformation of mechanical arm to
=P ~2Inu >¢7) verify the validity and accuracy of the distributed

Gau

parameter system. In this system, it is very
important for obtaining the strain voltage value

be written as: A nonlinear modeling is used to approximate the
change process of strain voltage data collected fro

(x—0)? LS Strain gauge
P i > 6> 0= [P plc)de (16) y(K) = F((k-1), W k=2),..., (k= D) (18)

Thus, the probability distribution ofJ Wh?re y(k) is- the input signal 9f firs?< moment,
equation (10). f isthe desweq Innuendq relat|onsh|p. _ _
Again, we consider the first derivative af,,, A set of _Straln gauge is _pasted in flexible I_|nk
grms, the signal that is applied to the revolutatjo
of the flexible arm is signal sin, the Sampling dim
is set to 50ms, and the strain voltage value cistr

As variance¢ must be positive, equation (15) can

is

Gau

the probability density function can be obtaine
from Variable Limit Integral Derivation Formula

as: x-d gauge is the output of the system.
. L ’—_2|n2u/]Gau -y - . BaZeSFOLnS the proposed I;’FS, thedrcTIa:edMidm-l
| =————e ’ —_—) ase is constructed to model the nonlinear
Vo o) V2 (\/_ZInUGau) system (18). The modeling progress in details is:
[ Step 1) Collect input—output date= 250.
_Ix=c|(-2Inu,, )’% e—iﬂ'”z“;“ Step .2) Obtain the qlustering results parameters
- \/ET/‘UGau (clustering centelC , width ¢) by the fuzzyc -

mean variance (FCMV) algorithm. The number of

clustering centec=5.
Step 3) The Gaussian membership function of
the antecedent part is obtained to construct fuzzy
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if —then rules. Then parameters (the width meaiandle uncertainties thatkau,.. -based PFLS
w, the width variancel ) for second PDF which under certain stochastic circumstance.

is expressed in equation (11) can be determined by

randomizing the width. Thé-th rule in PFLSis: 5. CONCLUSION

Rulel: if xis A, then y ist (29) n thi babilistic { )

. : . i n this paper, a new probabilistic fuzzy set is

Step4) The simulation comparison G.buceme'_ proposed by randomly varying the width of
based PFLS andau,,, -based PFLS is carried Gaussian membership function. The related

out. RMSE is used here as: probabilistic fuzzy logic system is applied to a
1 Rigid-Flexible manipulator problem to study its
RMSE= \/EZ( ¥ B- y( K (20) stochastic modeling capability. It is proved tHae t
k=1

_ _ novel PFS perform better than the previous PFS
where n =250 is the number of testing datg(k) under certain stochastic circumstance. This will

is the desired output ang,(k) is the estimated broaden the potential application of probabilistic
fuzzy set. In the future, more designation may be

output. S : ;
Table | : The Parameter ©GaL,,, -BASEDPFLS conducted for PF.S., it is believed that the.PFS_W|II
| id be very promising for many engineering
Rule i i
omber (C., @A) (b) application.
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