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Abstract

A complex fuzzy set is characterized by a membership function, whose range is not limited to
[0, 1], but extended to the unit circle in the complex plane. In this paper, we introduce some
new operations and laws of a complex fuzzy set such as disjunctive sum, simple difference,
bounded difference, distributive law of union over intersection and intersection over union,
equivalence formula, symmetrical difference formula, involution law, absorption law, and
idempotent law. We introduce some basic results on complex fuzzy sets with respect to
standard complex fuzzy intersection, union, and complement functions corresponding to the
same functions for determining the phase term, and we give particular examples of these
operations. We use complex fuzzy sets in signals and systems, because its behavior is similar
to a Fourier transform in certain cases. Moreover, we develop a new algorithm using complex
fuzzy sets for applications in signals and systems by which we identify a reference signal
out of large number of signals detected by a digital receiver. We use the inverse discrete
Fourier transform of a complex fuzzy set for incoming signals and a reference signal. Thus,
a method for measuring the exact values of two signals is provided by which we can identity
the reference signal.

Keywords Discrete Fourier transform matrix - Signal processing - Complex fuzzy sets -
Complex fuzzy operations - Complex fuzzy intersections - Complex fuzzy union - Complex

valued grades of memberships - Complex fuzzy complement

Mathematics Subject Classification 30E10 - 03E72 - 94A12
1 Introduction
Models representing real-life phenomenon with only choices of truth and falsehood are

insufficient to represent the actual reality of the problems. The reason for this is that there are
several complexities which exist in the models, that is, why a system is needed to be developed
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to handle such ill-defined situations of the models. Now, there are two ways to handle these
types of situations: one is to find the numerical solutions of the problems and second is to
develop amodel which is numerical. In both cases, we get numerical solutions of the problems.
The second one is dealt with fuzzy set theory which includes probability theory, fuzzy soft set
theory, intuitionistic fuzzy sets theory, and, most importantly, neutrosophic set theory. The
later one is more generalized theory for handling problems involving complexities. One of
the suitable examples of these theories is the theory of fuzzy differential equations which is
more general than the differential equations to solve daily life problems with more accuracy.

Zadeh (1965) gave the concept of a fuzzy set (FS) which is similar to a probability func-
tion. A fuzzy set plays a vital role in models of real-world problems in various branches
of sciences. Fuzzy set theory has a lot of applications in operation research, medicine, psy-
chology, engineering design, decision-making, quantum physics, mathematical chemistry,
non-equilibrium thermodynamics image processing, biological classification, and economics
(see Alcantud and Calle 2017; El Allaoui et al. 2017; Dubois and Prade 2000; Li and Yen
1995; Ngan et al. 2018; Nguyen and Walker 2006; Nisren et al. 2017; Pedrycz and Gomide
1998; Poodeh 2017). For basic and recent work, one can refer to Hu et al. (2017), Naz and
Akram (2019), Nguyen et al. (1998), Ramot et al. (2003), Peng et al. (2017, 2018), Peng and
Dai (2018a,b), Peng and Garg (2018), Peng and Selvachandran (2017), Singh (2017), Tamir
et al. (2011), and Yazdanbakhsh and Dick (2018).

The idea of a complex fuzzy set (CFS) was first given by Ramot et al. (2002). As the set
of complex numbers is a generalization of the set of real numbers initiated by Gauss in 1795.
Accordingly, a CFS is an extension of the fuzzy set, whose range is extended from closed
interval [0, 1] to a disk of radius one in a complex plane. The membership function of CFS
S is denoted as ws(x) and defined on the universal U as: for any x € U a complex value
in the disk of radius one in a complex plane. Thus, all values of s (x) lie inside a circle of
radius one in complex plane and pug(x) = rg (x)e!®s™); where i = /—1. The term rs(x) is
said to be amplitude term; wg(x) is said to be phase term. Both these terms are real valued
with rg(x) € [0, 1]. The CFS S is represented as {(x, us(x))|x € U}.

Fuzzy sets and intuitionistic fuzzy sets cannot handle imprecise, inconsistent, and incom-
plete information of periodic nature. These theories are applicable to different areas of science,
but there is one major deficiency in both sets, that is, a lack of capability to model two-
dimensional phenomena. To overcome this difficulty, Ramot introduce a complex fuzzy set.
The phase term of CFS plays a vital role in defining the feature of the complex fuzzy set model.
This term distinguish a CFS model from all other models available in literature. The potential
of a complex fuzzy set for representing two-dimensional phenomena makes it superior to
handle ambiguous and intuitive information that are prevalent in time-periodic phenomena.
CFSs and their classes have an important role in applications, such as prediction of periodic
events and advanced control systems. A CFS is quite similar to a Fourier transform; in fact,
itis the specific form of the Fourier transform by restricting the range of Fourier transform to
a complex unit disk; since Fourier transform has a lot of applications in various fields such
as in signals and systems, communication, astronomy, geology, optics, etc. Therefore, a CFS
can be used in certain models like Fourier transform. Several other real-life phenomena are
ambiguous and cannot be modeled using one-dimensional variables. For example, items can
be expressed by a set of measurements in pattern recognition and are seen as vectors in a
multidimensional space. These multidimensional variables can not be expressed via a simple
combination of variables, especially by consideration of fuzzy sets. These types of sets can
be expressed via complex classes. A CFS is very useful for periodic phenomena. Ramot et al.
recommended that the periodic problems or recurring problems phenomena can be modeled
more accurately using the phase component of a complex fuzzy set memberships, such as
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expressing the effect of financial indicators of two countries on each other with the passage
of time. He proposed that signal processing is another field of desirable application for a
CFS. Moreover, it is used for expressing solar activity (solar maximum and solar minimum)
through the average number of sunspot (Ramot et al. 2002). Dick proposed that one of the
desirable applications of the CFSs is to use it for representing phenomena with relatively
periodic behavior (Dick 2005). The traffic congestions in a big city is the periodic phenom-
ena that never repeat themselves. Thus, complex fuzzy logic can be used to solve certain
classes of problems more efficiently and accurately rather than a fuzzy logic.

The set theoretic operations on a CFS such as intersection, union, complement, rotation,
and reflection were first introduced by Ramot et al. (2002). Also De Morgan Laws for a CFS
and CF relation are presented in Ramot et al. (2002).

In this paper, we define some new operations and laws for a complex fuzzy set such
as distributive property, idempotent property, absorption law, equivalence formula, simple
difference, symmetric difference formula, etc. with respect to standard complex fuzzy union,
intersection, and complement function. We present some basic results of CFS regarding CF
union, CF intersection, and CF complement, and also discuss particular examples of these
operations. Moreover, we develop an algorithm using the discrete Fourier transform matrix
introduced in Selesnick and Schuller (2001). Then, we apply it to a problem in signals and
systems.

2 Preliminaries

We will discuss here the basic set theoretic operations and laws of CFS, and also discuss
particular examples of these operations and laws.

Definition 1 (Garrido 2007) A review of traditional fuzzy simple difference: For any two

fuzzy sets R and S, the simple difference is defined as R~.S = RN S, where “c” represents
the standard complement.

Definition 2 Consider two CFSs R and S, ug(x), (s(x) denote the membership functions
R and S. The simple difference R~\.S of these two CFS R and S is defined as:

RS = RN S = up(x)*puse(x),

where * represents the t-norm (Dubois and Prade 2000) and p gc (x) denotes the membership
function and x belongs to S¢.

Example 1 Let

3

0.5¢"  0.8¢/7 047
R = + +

u v w
and
0.6¢27 1% 0327
S = + —+
u v w

be two CFSs. Using standard intersection and standard complement function with max func-
tion for determining the phase term, the simple difference is:

u v w

. [0sem 087 046F ] [04e27 067 07677
R~S=RNS" = + + * + +
u v w
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0.4¢27 0T 0.4ei27
+ + .
u v w

Definition 3 (Garrido 2007) For any two fuzzy sets R and S, the bounded difference is defined
as:

MRos(x) = Max[0, ugr(x)\us(x)],

where pr(x) and ps(x) denotes the membership function to which x is a member of R
and S.

Definition 4 Let R and S be two CFSs, and let g, s denote the membership functions of
R and S. The bounded difference of these two CFSs R and S is defined as:

IRos(x) = Max[0, g (x)~ps(x)] = Max[0, (rr(x)~rs(x))e' PR~

Here, [t r (x)~ s (x)] is same as the bounded difference of traditional fuzzy set. However,
the main problem is to find the phase term. As the functions defined in “complex fuzzy
set”(Ramot et al. 2002) for determining the phase term of complex fuzzy union and complex
fuzzy intersection, here, these functions are also applicable for finding the phase term, so for
calculating the phase term, we use the following functions:

(i) Sum. wr. s = wr + ws.
(i1)) Max. wg- s = max(wg, ws).
(iii)) Min. wg s = min(wg, ws).
WR, FR >T§

iv) “Winner take all”. w =
(iv) RS ws: s> IR

The following are also acceptable possibilities for finding the phase term.

(i) Difference: wg~s = wg — ws.
(ii) Average: wg-s = %Jr“’s.

(iii) Weighted Average: wg- s = %.
Example 2 Let

06" 0.56F 0867
+ +

u v w

R =

and

51

1627 0.6elF 0267
+ +
u v w
be two CFSs. The bounded difference of these two CFSs is:

S =

0e27 Q¢! Z 0.6¢' 3z
MRos(X) = » + + .

v w

Definition 5 (Garrido 2007) Let R and S be any two fuzzy sets; the disjoint sum is defined
as:

Mres(x) =| wr(x)~ms(x) |,

where pr(x) and ps(x) denote the membership functions to which x is a member of R
and S.
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Definition 6 Let R and S be two CFSs, and let g, s denote the membership functions of
R and S. The disjoint sum of these two CFSs R and S is defined as:

IRes(X) =] Lr(D)Ns(x) =] [rr(x)\rs(x)]e @R~ |

The term | rg(x)~rs(x) | is same as traditional FS. To find the phase term for disjoint sum,
the functions defined in bounded difference are also applicable here.

Example 3 Let

16% 0565 067
R= + +
u v w

and

0.5¢7  0.6¢F 093
= + +

u v w

S

be two CFSs. Using the max function for calculating the phase term, the disjoint sum of these
two fuzzy sets is:

05 01 09
+

MRes(X) = — + — + —.
u v w

Definition 7 (Garrido 2007) For any two fuzzy sets R and S, the disjunctive sum is defined
as:

RAS = (RN S)U(R°NS) = (RxS°) ® (R°%S),

where x, @ and c represent the standard intersection, standard union, and standard comple-
ment function.

Definition 8 Let R and S, be any two CFSs and g (x), us(x) denote the membership func-
tions of R and S. Let RAS represents the disjunctive sum of CFSs R and S, defined as
RAS = (RN S U (RN S). The membership function of RAS is:

MURAS(X) = [1rnse (x) @ prens (x)]

IRAS(X) = [rR(0)#rse (0] R0 & [rge ()47 (x)]e R0, 3)

where %, @, and ¢ represents the standard intersection, standard union, and standard com-
plement function, respectively, of a CFS.

Example 4 Suppose

160 0.4ei™ 0867
+ +
Z1 22 23

R =

and

Eeb]

0247 L0371
B 21 22 3

S

be two CFSs. Then the disjunctive sum of these two CFSs is defined as:

WRrAS(2) = [rR(2)*rse (2)]€' k05 E) @ [1pe (2)4r5(z)]e/ RS @),
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Using standard intersection,standard union, and standard complement function with the same
function for determining the phase term, we have:

71 22 13

0.8¢F  04e2" 03 0 F 0327 023
+ + ® + +
71 22 23

HRAS(2) = [

0.8¢ % . 0.4¢127 . 0263
21 2 3

MRAS(X) =

Definition 9 For any two CFSs R and S, the equivalence formula is:
(REUS)N(RUS) = (R°NSHYU(RNS).

Using the standard union and standard intersection function with the same function for
determining the phase term along with standard complex fuzzy complement, the equivalence
formula is hold. The L.H.S and R.H.S of equivalence formula for CFSs R and § are given
by:

preus(y) M pruse(¥) = [re(y) @ s Ixr(y) @ pse(y)]

= [rre (R D) @ rs (1) SO ulrr(y)eF Y @ rye (y)e s ]
prense (¥) U rns (¥) = [re (W) *iese (0] @ [r(y)*iws(y)]

= [rre (N Ourge (7)€ ’ss 0] @ [rp ()€ F O xrs (1) 5O,

where %, @, and ¢ represent the standard intersection, standard union, and standard comple-
ment functions, respectively.

Example 5 Suppose

0.8¢/7  0.6e'6  0.9¢i7  1ei?T
= + + +
u v w t

R

and
05¢F 0767 0160 03¢ T
= + + 1
Vi » 3 4

be two complex fuzzy sets. The equivalence formula is hold using standard union, standard
intersection, and standard complement function with the same function for determining the
phase term. The equivalence formula is:

S

(REUS)N (RU S = (R°N S)U (RN S)
0563 0767 0.1¢5 03627
+ + +
Vi » ¥3 V4

(RCUS)H(RUS”):|:

0.8¢F  0.6e™ 0965 127
* + + +
1 2 y3 y4

. L 056 T 06T 0.1efF 0327
(R°US)N (RUS) = + + +

i > v3 V4
. 026/ % 03" 0.1e3  0ef2
(RENSHURNS) = + + +
v » s V4
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05¢%  06e™ 0.1¢13 03627
® + + + )
Y1 2 y3 Y4
. 056 % 0.6ei™  0.1e'3 03¢
(RENSHURNS) = + + + . 2)

V1 y2 Y3 Y4
From (1) and (2), we have:

(REUS)N(RUSY) = (R°NS)U(RNS).
Definition 10 Symmetrical difference formula for two CFSs R and S is given by:
(RENS)U(RNS) = (REUS)N(RUS).

Using standard union and standard intersection function along with standard complement
function with the same function for determining the phase term, then the symmetrical differ-
ence formula is hold for complex fuzzy sets. The L.H.S and R.H.S of symmetrical difference
formula for CFSs R and S are given by:

[ rens (X) U perase (0)] = [pre (0)*ps (0] @ [r (x)xpese (x)]

= [rre (€' “F Wars (0)e! ] @ [rr(0)e " W arse (x)e s )]
[reuse (x) N prus ()] = [pre (x) @ pse (D) x[r(x) @ ps(x)]

= [rge ())e' %D @ rge (0)e' s lalrp () kY @ rs(x)e' s,
where , @, and ¢ represent standard intersection, standard union, and standard complement
function.

Example 6 et

0.5¢i7  0.8¢ls  lel T
= + +

u v w

R

and
020127 0.6eT  0.de' T
+ +

u v w

be two complex fuzzy sets. Using standard union and standard intersection and standard
complement function with the same function for determining the phase term, we have:

37

02627 0267 0l F 0.5¢27  0.4eiT  0.6¢'3
+ + @ + +

u v w

(RCHS)U(RHSC)=|: : ; -

. . 05627 04el™ 0.6e1 T
(RENSHURNSY) = L + 5 + ” (h

¢ e 0.8¢27  0.4e™  0.6e 5 | [05627 0867 167
(RPUSHN(RUS) = + n R N N

u v w u v w

e 056127 0.4e™  0.6¢'F
(ROUS)N(RUS) = = + + : 2)
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From (1) and (2), we have:

(RENS)U(RNS) =(RUS)N(RUS).

Definition 11 Complex fuzzy sets satisfy distributive laws using standard union and standard
intersection function with the same function for determining the phase term.

Let R, S, and T be three CFSs. Then, the distributive laws are:
RUSNT)=(RUS)N(RUT)
and
RNSUT)=RNSHURNT).

These two laws are called distributive law of union over intersection and distributive law

of intersection over union.
If R = rp(x)el®f®  § = rg(x)e!®™ and T = rr(x)e’®” ™, then the L.H.S and R.H.S
distributive law of union over intersection become:

[wr(x) ® (s O)*ur (X)) = [rrR(x)EFY) @ (rs(x)e s ury (x)e' 7))
[UR(X) @ s ()[R (X) @ ur ()] = [FR(x)e “RY) @ rg(x)e's™)]
*[rR(x)ei“’R(x) [ rT(x)ein(x)].

Also, the L.H.S and R.H.S of distributive law of intersection over union are:

(R ()* (s () © LR (D] = [rR()E R u(rs ()€™ @ rp(x)e'T D))
(R ()*pes ()] @ (g ()rpar (X)] = [rr(x)e R srg (x)e' ™))
eB[rR(x)ein(x)*rT(x)eiwr(X)],

where x and @ represent the standard intersection and standard union function, respectively.

Example7 Let

1ei®  0.4ei™  0.8¢'7

R=— + + ,
u v w
0267 03627 1%
S = +
u v w
and
0.6¢% 04T 0565
T = + +

u v w

be three CFSs. To satisfies the distributive law of union over intersection and intersection
over union, using standard union and standard intersection function with the same function
for determining the phase term.

Now, the distributive law of union over intersection is:
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10 04el™ 08¢ 0267 0362 1%
RUGSNT)=| =+ + ® + +

v w

0.66F 045 056%
x + +
u v

w
B [1&0 L 040 0.8ei§:| o [0.24‘3%’ LECGN O.Sei§:|

u v w

le
RUSNT) =

(RUS)N(RUT) =

(RUSYN(RUT) =

+ . 2)
v w
From (1) and (2), we have:
RUMSNT)=(RUS)N(RUT).

Now, the distributive property of intersection over union is:

160 04e™  0.8¢% 026F 0362 1%
RN(SUT) = + + N +
u

v w u v w

[0.68 T 04T 0563 D
o + +
u v w

160 04e™ 0865 [06eF 04627 1%
= + + * + +

_|_
T

u v w u v w

RNSUT) =

0.6¢F 042 0.8¢F
+ + 3)
u v w

. . . .37 . .
10 04ei™ 082 0.2¢/7 03627 1els
+ + * + +
u v w u v w
. . ST . 33-[ T .
10 04ei™ 082 0.6¢/7  0.4el7  0.5¢'3
+ + * + +
u v w u v w
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3

B [0.24’? L 03 0.8ei§:| o [0.64’ LN o.sﬁ}

u v w u v w

- 3 : s
0.6¢6F  04e™  0.8e'3
(RNS)URNT) = —¢ = 22 2007 @)
u v w

From (3) and (4), we have:
RNSUT)=(RNS)U(RNT).

Definition 12 For any CFS R, idempotent laws hold using standard union and standard
intersection function.

The idempotent law of union for a CFS R is R U R = R and the idempotent law of
intersectionis R N R = R.
If a grade value of R is ur(x) =rp (x)e'®R™) the idempotent law of union becomes:

HR(X) = LRUR(X).
To prove this, we have:
HRUR(Y) = [ (D) ® pr(D)] = [rr()e R @ rp(x)e’ k] = rr(x)e ™) = pp(x).
Also, the idempotent law of intersection is:
HR(X) = LRAR(X).
Now, to prove this, we have:
KRAR() = [HR(O*UR ()] = [rR(0)e RO arp ()R] = rp(x)e’ k™ = g (x).

Here, » and @ represent the standard intersection and standard union function.

Example 8 et

R =

lei™  0.5¢'7 0.8/
+ +
u v w
be a complex fuzzy set. Using standard union and standard intersection function, the idem-
potent law of union is:

+
u v w

lei™ 0567 0.8 lei™ 0567 0.8
RUR=|——+——+—— @& +

lei™  0.5¢'7  0.8¢0
= + + =R.
u v w

The idempotent law of intersection is:

1™ 0.5¢% 0.8€i0:| {18” 0.5¢'% O.8ei0i|
*

+ + + +
u v w u v w

RﬂR=|:

lei™ 0567 0.8
= + +
u v w

= R.

The idempotent law of union and intersection holds for a CFS R.

Definition 13 CFS satisfied the involution law using standard complement function.
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The involution law for a CFS R is (R°) = R
If a grade value of a CFS R is ug(x) =rg (x)e'®R™) the involution law is:

rR()E R = rpec (x)er O,
where ¢ represents standard complement function.

Example 9 Let

0.1¢0 0567 165 0867
R= + + +
u v w t

be a CFS. The involution law is satisfied using standard complement function. Now

37

0.9¢0  0.5¢i7 067 0.2¢7
+ + +
v w t
0.19  0.5¢7 le's O.Sei%n
+ + +
v w t

R® = ge(x) =

RCC = I,LRCC (_x) =

3 Main results

Proposition 1 The bounded difference of two CFSs is always a fuzzy set.

Proof Let R and S be two CFSs. The bounded difference of these two CFSs is:

LRes(X) =| Lr(X) s (x) |=| [FR(x)rs(x)]e R~ |=| rp(x)\rs(x) || € @R~ |

As | €/“r~5() |= 1. Thus

Res () =| rR(X)Nrs(x) || € F~50) |=| rp(x)~rs(x) | .

[m}

Proposition 2 For CFSs R and S over a crisp set U, the standard union, standard intersection,
and standard complement function with the same function for determining the phase term

satisfy the symmetrical difference formula.

Proof Suppose R and S be two CFSs. To prove the symmetrical difference formula (RN S)U
(RN S) = (RUS)N(RUS), eight cases arise here. Using Max function for determining

the phase term.
Case 1

rr(x) < rs(x), wr(x) < ws(x), rre(x) < rs(x), rse(x) < rr(x), rse(x) < rre(x)

[m}

(RN S) U (RN S) = [rge(x)e'“F Oarg(x)e™ S @ [rg(x)e’ R Dxrse (x)e's )]

= rge(x)e!S®) @ rge(x)el@sc ™)

(RENS)U (RN S) = rge(x)e'®sc®

ey

(REUS)N(RUS) = [rge(x)e' % @ rge (x)e" s W ulrg (x)e' k™) @ rg(x)e's™]

= rge(x)e'5 g (x)els®

(REUS)N(RUS) = rge(x)el®s ™).

(@)
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From (1) and (2), we have:
(R°NS)U(RNS) =(REUS)N(RUS).
Case 2
rr(x) < rs(x), wr(x) < ws(x), rs(x) < rre(x), rr(x) < rse(x), rse(x) < rge(x)
(RN S) U (RN S) = [rge(0)e'F Farg ()€ SO @ [rg (x)e! R urge (x)e! 5]
= rs(x)e' S @ rp(x)e s

(R°NS)U(RNS) =rs(x)e's™ 3)

(REUS)N(RUS) = [rge()e s D @ rge (x)e' s Ou[rr (0)e'**™ @ rs(x)e's™)]

iwge (x) iwg(x)

= rre(x)e *rg(x)e
(REUS)N(RUS) = rg(x)el s, )
From (3) and (4) we have
(RENS)U(RNS) = (REUS)N(RUS).
Case 3
rr(x) < rg(x), ws(x) < wR(x), rre(x) < rg(x), rse(x) < rr(x), rse(x) < rge(x)
(REN S)U (RN S) = [rre(x)e’ kg (x)e! SN @ [rp (x)e R ® wrge (x)e! @5 ™))
= rre(x)e" % @ rge (x)e!“r )
(RENS)U (RN S) = re(x)e!r Q)
(REUS)N(RUS) = [rre(x)e’ %™ @ rge (x)e s O lu[rg (x)eF®) @ rg(x)e!®s™]
= rge(x)e/OR )y (x)ei ™)
(REUS)N(RUS) = rge(x)el@re™), (6)
From (5) and (6), we have:
(RENS)U(RNS) = (REUS)N(RUS).
Case 4
rrR(x) < rg(x), ws(x) < wr(x), rs(x) < rre(x), rr(x) < rse(x), rse(x) < rge(x)
(REN S)U (RN SC) = [rre(x)e' kD arg(x)e! SN @ [rg (x)e R wrge (x)e! @5 X))
= rs(x)e'r® @ rp(x)e'* ™ (R°N §) U (RN S) = rg(x)e'*r™
)
(REUS)N(RUS) = [rre(x)e' %W @ rge(x)e' s O alrg (x)e'**) @ rs(x)e' ]
= rge(x)e! R yrg(x)e! PR
(REUS)N(RUS) = rg(x)er®), ®)
From (7) and (8), we have:

(RENS)U(RNSY) = (RUS)N(RUS).
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Case 5
rs(x) < rr(x), ws(x) < wr(x), rre(x) < rs(x), rse(x) < rr(x), rge(x) < rse(x)
(RN S)U (RN S) = [rge (x)eint‘ (X)*rs(x)eiws(X)] @ [rR(x)ei“’R(x)*rsc (x)eja)sf(x)]
= rge(x)e!“F %) @ rge(x)e! R

(REN S) U (RN S) = rge(x)e R ©

(REUS)N(RUS) = [rge(x)e' " ® @ rge (x)e' s ufrg (x)e k™) @ rg(x)e's ™)

iwge (x)*rR (x)ein(x)

=rge(x)e
(REUS)N(RUS) = rge(x)e k), (10)
From (9) and (10), we have:
(R°NS)U(RNSE) =(REUS)N(RUS).
Case 6
rs(x) < rrp(x), ws(x) < wr(x), rs(x) < rre(x), rr(x) < rse(x), rre(x) < rse(x)
(REN S)U (RN SC) = [rre(x)e’“F g (x)e! SN @ [rg (x)e R wrge (x)e! 05 ™))
= r5(x)e' kW) @ rp(x)el R
(RENS)U (RN S) = rg(x)e'r™ ' (1)
RUS)NRUS) =[re e 5™ & r e S (e & rg()els)

(X)*rR (x)e!“r(™)

=rc (x)eiwfé
s
(REUS)N(RUS) = rr(x)e®r™) (12)
From (11) and (12), we have:
(RENS)U(RNS) =(REUS)HN(RUS).
Case 7
rs(x) < rr(x), wr(x) < wg(x), rre(x) < rs(x), rse(x) < rr(x), rre(x) < rge(x)
(REN S) U (RN S) = [rre(x)e! % Osrg(x)e! S @ [rg (x)e! R wrge (x)e! s )]
= rre (1) @ rge (x)e! s W

(RENS)U (RN S) = rge(x)el®sc™ (13)

(REUS)N(RUS) = [rge()ex D @ rge (x)e' s Ou[rr (x0)e'**™ @ rs(x)e's™)]
= rge(x)e s D (x)e s
(REUSH)N(RUS) = rge(x)e'®sc™ (14)
From (13) and (14), we have:
(RENS)U(RNS) = (REUS)N(RUS).
Case 8

rs(x) < rr(x), wp(x) < ws(x), rg(x) < rre(x), rr(x) < rge(x), rre(x) < rge(x)
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(REN S)U (RN S) = [rre(x)e' R D arg(x)e' SO @ [rr (x)e' R wrge (x)e! @s¢ )]
— rS(x)eiws(X) @ rR(x)einC(x)

(RENS)U (RN SC) = rr(x)e'®s™ (15)

(REUS) N(RUS) = [rge(x)e' " ® @ rge (x)e' s u[rg (x)e' k™) @ rg(x)e's ™)

— rSC(.x)eiwsC(x) iwg(x)
(REUSH)N(RUS) = rr(x)e’s™. (16)
From (15) and (16), we have:

(RENS)U(RNS) =(RUS)N(RUS).

*rg(x)e

Thus, in all cases, the symmetrical difference formula holds.

Proposition 3 For CFSs R and S over a crisp set U, the standard union, standard intersection,
and standard complement function with the same function for determining the phase term
satisfy the equivalence formula.

Proof Suppose R and S be two CFSs. To prove the equivalence formula (R°US)N(RUS) =
(RN S)U(RNS), eight cases arise here. Using Max function for determining the phase
term. O

Case 1

rr(x) < rs(x), wr(x) < ws(x), rre(x) < rs(x), rse(x) < rr(x), rse(x) < rgre(x)
(REUS)N(RUS) = [rge(x)e' % @ rg(x)e' S Ja[rg (x)e' 8™ @ rge(x)e's ™)

iwg(x) iwge (x)

=rs(x)e *rr(x)e

(REUS) N (RUSC) = rr(x)el®s™ n

(RENSYU(RNS) = [rre(x)e'x Ourge (x)e' D] @ [rg (x)e' kO urg (x)e' s ™)
= r5e(x)e's ) @ rg(x)e! s
(RENSHURNS) = rr(x)e’s™. )
From (1) and (2), we have:
(REUS)N(RUSY) = (R°NSHU(RNS).
Case 2
rR(x) < rg(x), wp(x) < wg(x), rs(x) < rre(x), rr(x) < rse(x), rse(x) < rge(x)

(REUS) N (RUS) = [rge(x)e’ @) @ rg(x)e S ulrg (x)e k™ @ rge (x)e! s3]

iwg(x) iwge (x)

= rre(x)e *rge(x)e

(REUS)N(RUS) =rge (x)eiwsr(x) 3)

(RENS)YU(RNS) = [rre(x)e’F Dsrge (x)e's* O] @ [rg (x)e' R xrg (x)e' s
= rge(x)e'O @ @ rp(x)el®s™

(RENSYU(RNS) = ree(x)e's ™). )
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From (3) and (4), we have:
(REUS)N(RUS) = (RENS)HU(RNS).
Case 3
rrR(x) < rs(x), ws(x) < wR(x), rre(x) < rsg(x), rse(x) < rr(x), rse(x) < rre(x)

(RCUS) N (RUS) = [rpe(x)e" % @ rg(x)e W a[rp(x)e' ™ @ rge (x)e!s ™)

= rg(x)er D p (x)el VR

(REUS) N (RUSS) = rr(x)el®r )

(RENSYU(RNS) = [rre (e’ Oarse (0 1 @ [rp(x)e! “FDars (x)e! ]
= rse(x)e! R @ rg(x)er)
(RN S)YU(RNS) = rg(x)el k™, (©6)
From (5) and (6), we have:
(RUS)N(RUS) = (RENS)YU(RNS).
Case 4
rr(x) < rg(x), ws(x) < wr(x), rs(x) < rre(x), rr(x) < rge(x), rse(x) < rge(x)

(REUS) N (R U S) = [rge (x)e! ) @ rg(x)e S xlrg (x)e k™ @ rge (x)e! s )]

iwpge (x) iwg(x)

= rpe(x)e *xrgc(x)e

(R°US) N (RU S) = rye(x)e! k) )

(RENS)YU(RNS) = [re(x)e % Ourge (x)e's D] @ [rr(x)e'F urg (x)e ™))
= rse(x)e" % @ rg(x)e' ™
(RENSYU(RNS) = ree(x)el R, ®)
From (7) and (8), we have:
(REUS)N(RUS) = (R°NSHU(RNYS).
Case 5
rs(x) < rr(x), ws(x) < Wr(x), rre(x) < rsg(x), rse(x) < rr(x), rre(x) < rge(x)

(REUS) N (RUS) = [rge(x)e' % @ rg(x)e' S Ia[rg (x)e" k™) @ rge (x)e's* ]

iwge (x) iwg(x)

=rg(x)e *rr(x)e

(RCUS) N (RUS) = rs(x)er ™ ©

(RENS)U(RNS) = [rre (x)e’F O arge (x)e's O] @ [rg (x)e! R Durg (x)e! 5]
= rpe(0)e! %™ @ rg(x)e!r)
(RENSHU(RNS) = rg(x)e' ™) (10
From (9) and (10), we have:
(REUS)N(RUS) = (R°NS)YU(RNS).
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Case 6

rs(x) < rR(x), ws(x) < wr(x), rs(x) < rre(x), rr(x) < rse(x), rre(x) < rse(x)
(R°US) N (RUS) = [rge(x)e" 0 @ rs(x)e' SO alrg (x)e'F™) @ rse (x)e!“s )]

iwge (x) iwg(x)

= rpe(x)e *rse(x)e

(REUS) N (RU S) = rge(x)e' k™ (an

(RN SYU(RNS) = [rre(x)e"x Ourge (x)e" D] @ [rg (x)e' kO urg (x)e' s ™)
rre(0)e! 80 @ rg(x)el s

(RENS)YU(RNS) = rge(x)e k™), 12)

From (11) and (12), we have:
(REUSN(RUS) =(R°NSHU(RNS).
Case 7

rs(x) < rr(x), wr(x) < ws(x), rre(x) < rs(x), rse(x) < rr(x), rre(x) < rse(x)

(R°US) N (RU S) = [rge(x)e' k) @ rs(x)e’ s Tu[rg (x)e' 8™ @ rge (x)e! s ]

iwg(x) iwge (x)

=rs(x)e *rp(x)e

(REUS)N(RU S) = rg(x)e'®s™ (13)

(R°NSYU(RNS) = [rre(x)e' K urse (x)e's* ] @ [rr(x)e' kK urs (x)e 5]
= rpe(0)e'" ™ @ rg(x)e s
(RN SYU(RNS) = rg(x)e' s, (14)
From (13) and (14), we have:
(REUS) N(RUS) =(R°NSHIU(RNS).
Case 8
rs(x) < rp(x), wp(x) < ws(x), rs(x) < rre(x), rr(x) < rse(x), rre(x) < rse(x)

(REUS) N (RUSE) = [rre(x)e' " O @ rg(x)e! SO Nx[rg (x)e! R @ rge (x)e!se ()]

iwg(x) iwge (x)

= rre(x)e *rge(x)e

(REUS) N (RU S) = rre(x)els™ (15)

(RENSYU(RNS) = [rre(x)e’F arge (1) O] @ [rg (x)e™F Drs (x)e 5]
= rre(x)e!?s* @ @ rg(x)e! s
(RENSYU(RNS) = rre(x)e's™. (16)
From (15) and (16), we have:
(REUSN(RUSY) =(R°NSHYU(RNS).

Thus, in all cases, the equivalence formula is hold.

@ Springer f bMA



Complex fuzzy sets with applications in signals Page 17 0f34 150

Proposition 4 The standard union and standard intersection of any finite number of CFSs is
always a CFS.

Proof (i) Let Ry, Ry, ..., Ry be any M CFSs and rg, (x)einl ("), IR, (x)ei‘“Rz(X), A
IRy, ()€’ ) denote the membership functions of these complex fuzzy sets, respectively.

Suppose rp(x) = max[rg,(x), rg,(x), ..., g, (x)] and wp(x) = max[wg, (x),
WR,y (X), ..., wR,y, (x)].
Now

RIURU---URy = IR, (x)ei(”Rl (x) @ rRZ(x)einQ(x) DD rRM()C)einM(x)
= (k) (¥) @ rRy (¥) @ -+ @ 1y () Je! 1 (VR (OE B0k (0]
= r;?(x)eiw/lf(x) =R,

which is also a CFS.

(i1) Now, we show that the finite intersection of any CFSs is always a complex fuzzy set.
LetRy, Ry, ..., Ry beany M CFSsand rg, (x)e! R () R, (x)e! @R TRy (x)e @Ry )
denote the membership functions of these complex fuzzy sets, respectively.

Suppose rp(x) = min[rg, (x), g, (x), ..., rr, (x)] and 0 (x) = max[wg, (x), wg, (x),
oo, WRy, (X)]

Now

RiINRyN---NRy =rg, (x)e! R (x)*rRz(x)einz(x)* kPR, (x)e' Ry )

iR, (X)rR, ()x-xwp,, (¥)]

[rR, (X)xF Ry (X)x - - - *TR,, (X)]e

rh(x)er®) = R,

which is also a CFS. ]

Proposition 5 For any two CFSs R and S, the standard union and standard intersection
function with the same function for determining the phase term satisfy:

M M
Z | rns (xi) [< Z | rus(xi) | -
i=l,x;eU i=l,x;eU

Proof The standard union and intersection functions are defined by the respective expres-
sions:

mRUs(x) = max[ug(x), ns(x)]
and

Mrns(x) = min[ug(x), pws(x)].

| rns(u) |<| prus @) |
| krns (V) || wrus@) | .

Continuing this process up to M, we have:

| urns(ear) 1] wrus(em) |-
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Adding all these inequalities, we get:

M M
D luresG) 1< Y | rros() |
i=1,xeU i=1,xeU

m}

Proposition 6 Forany CFSs R, S and T, the standard intersection and standard union func-
tions with the same function for determining the phase term satisfy the distributive law.

Proof To prove the distributive laws for any CFSs R, S and T, six cases arise here. m]

First, we prove the distributive law of union over intersection.
Case 1

rr(x) <rs(x) <rr(x), wr(x) < wsx) < or(x)
RU(SNT) =[rr(x)e'“* @ (rs(x)e s Oarp (x)e' 7))
"R(x)ein(x) &) l‘s(x)ei“’T(X)

rs(x)el et M

RU(SNT)

(RUSYN(RUT) = [rr(x)e'* ™ @ rg(x)e' S Ia[rg (x)e'* ™ @ rr (x)e'®T™]

iwg(x) iwr (x)

=rs(x)e *r7(x)e

(RUS)N(RUT) = rg(x)e'“r™®, )
From (1) and (2), we have:

RUSNT)=(RUS)N(RUT).
Case 2
rs(x) <rp(x) <rp(x), wsx) < orx) < wrx)
RU(SNT) = [rr(x)e "™ @ (rs(x)e’™ Wxry (x)e!“T)]
= rr(x)e' ™ @ rg(x)elr™

RUSNT) = rgr(x)el®r™® (3)

(RUS)N(RUT) = [rr(x)e' ™ @ rg(x)e' O alrg (x)e'* ™ @ rr(x)e' "]
= rr(0)e' kg (x)e! R

(RUS)N(RUT) = rr(x)e“r™, )

From (3) and (4), we have:
RUGSNT)=(RUS)N(RUT).
Case 3
rr(x) <rp(x) <rs(x), wr(x) <orx) < wgx)
RU(SNT) =[rr(x)e"*Y & (rs(x)e' s urp (x)e' ™))

= rp(x)e'F®) @ rp(x)e!s™
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RU(SNT) = rp(x)e s

(RUS)N(RUT) = [rr(x)e’ ™ @ rs(x)e" s u[rg (x)e' k) @ rr(x)e' )]

= rg(x)e" SO upr (x) T ™)
(RUS)N(RUT) = rr(x)e's,
From (5) and (6), we have:
RUMSNT)=(RUSNRUT).
Case 4
rr(x) <rs(x) <rp(x), or(x) <ws(x) < wp(x)
RU(SNT) =[rr(x)e" " & (rs(x)e' s urp (x)e' " ™))]
= rr(®)e'* @ rr (x)e! T

RU(SNT) = rg(x)e’r™

(RUS)N(RUT) = [rr(x)e' k™) @ rg(x)e'®s™]

*[rr(x)e' kY @ rr(x)e! ]

iR (x) iwR(x)

=rr(x)e *rR(x)e
(RUS)N(RUF) = rg(x)e k™,
From (7) and (8), we have:
RUMSNT)=(RUS)N(RUT).
Case 5
rs(x) =rp(x) =rr(x), ws(x) < wr(x) < or(x)
RU(SN7) = [rr(0)e ™ @ (rs(x)e’ s Pury (x)e' )]
= rr(x)e"*Y) @ rg(x)e ™

RUSNT) =rr(x)e®r®

(RUS)N(RUT) = [rr(x)e' "™ @ rg(x)e'®s™)]

*[rR(0)e Y @ rr(x)er ]

iwg(x) ior(x)

=rr(x)e *r7(x)e
(RUS)N(RUT) = rg(x)e®r ™.
From (9) and (10), we have:
RUGSNT)=(RUS)N(RUT).
Case 6
rr(x) < r(x) = rs(x), or(x) < wr(x) < ws(x)
RUSNT) = [rr()e' 8™ @ (rs(x)e's Orp (x)e! 7))

= rp(x)e'F®) @ rp(x)e!s™

(&)

(©)

@)

(®)

(C))

(10)
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RUSNT) = rgr(x)e®s™® (11)

(RUS)N(RUT) =[rr(x)e'* ™ @ rg(x)e' S Ialrr (x)e'* ™ @ rr (x)e'T™)]
= rg(x)e! S Wurp (x)e! PR
(RUS)N(RUT) = rg(x)e' s, (12)
From (11) and (12), we have:
RUSNT)=(RUS)N(RUT).

Hence, in all cases, this law is hold.
To prove the distributive law of intersection over union, there are also six cases.
Case 1

rr(x) <rs(x) <rr(x), wr() < wsx) < or(x)
RN(SUT) = [rr(0)e'*Px(rs(0)e' ™ @ rr(x)e )]

iwg(x) ior(x)

=rr(x)e *rr(x)e

RN(SUT) = rgx)el“r™ (1)

(ROS)U(RNT) = [rr(x)e’*urg(x)e! O] @ [rp(x)e! 8 ury (x)e T ]
= rr(x)e ™ @ rg(x)e'r™
(RNS)URNT) =rr(x)el“r™, )
From (1) and (2), we have:
RN(SUT)=(RNS)U(RNT).
Case 2
rs(x) <rr(x) = rr(x), osix) <or(x) < orkx)

RN(SUT) = [rr(x)e'*u(rs(x)e's™ @ rp(x)e' )]

iR (x) ior (x)

=rrx)e *r7(x)e

RN(SUT) = rp(x)e®R™ (3)

(RNS)U(RNT) = [rr(x)e'*urs (x)e' O] @ [rr(x)e!* urr (x)e T ]
= rs()e*Y @ r (x)e' )

(RNS)URNT) = rr(x)e! k™. )

From (3) and (4), we have:
RN(SUT)=(RNS)URNT).
Case 3
rr(x) <rr(x) <rs(x), wr(x) <orix) < ws(x)
RN(SUT) = [rr(@)efDx(rs(0)e's™ @ rr (x)e T )]

= rr(X)e! R urg(x)e ™)
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RN(SUT) = rr(x)el®s™® ©)

(RNS)U(RNT) = [rr(x)e’Furg(x)e's™]
® [rr(N)E“F Darp (x)e' )]
= rr(x)e' ™ @ rg(x)er™

(RNS)U(RNT) = rr(x)els™. (6)

From (5) and (6), we have:
RN(SUT)=(RNS)URNT).
Case 4
rr(x) <rg(x) <rr(x), or() < wsx) < wr(x)

RN(SUT) = [rr(x)e'*x(rs(0)e' ™™ @ rr(x)e'r )]

iwg(x) iwg(x)

=rrx)e *rs(x)e

RN(SUr) = rg(x)e'r™ )

(RNS)URNT) = [rg(0)e"*Varg (0] & [rr()e! " urr (x)e' T
= rs(0)e"* N @ rr(x)er
(RNS)U(RNT) = rg(x)e k™, ®)
From (7) and (8), we have:
RN(SUT)=(RNS)U(RNT).
Case 5
rs(x) =rp(x) =rr(x), osix) <or®x) < orx)

RN (SUT) = [rr()e' 8 u(rs (x)es™ @ rp (x)e' )]

iwg(x) iwr (x)

=rrx)e *xrr(x)e

RN(SUT) = rgr(x)el®r® 9)

(RNS)U(RNT) = [rr(x)e"kDurg(x)e' S @ [rg(x)e' 8D wrp (x)e'T™)]
rs(x)e' k) @ rp(x)e! T

rR(x)e 0T, 10)

(RNSHURNT)
From (9) and (10), we have:
RN(SUT)=(RNS)URNT).
Case 6
rr(x) <rRr(x) =rs(x), or) < orx) < ws(x)

RN(SUT) = [rr(x)e'?x(rs(x)e's™) @ rr (x)e'T™)]

iR (x) iws(x)

=rr(x)e *rg(x)e

RN(SUT) = rr(x)e®s® (11)
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(R N S) U (R N T) = ["R(X)ein(X)*rs(x)ei“’S(x)]
@D [rr (x)ei“’R(X)*rT (x)ein(X)]
= rR(x)ein(x) P rT(x)ein(X)

rr(x)els. (12)

(RNSYU(RNT)
From (11) and (12), we have:
RNSUT)=RNSHURNT).
Hence, in all cases, the distributive law of intersection over union is hold.

Proposition 7 For any complex fuzzy set R, the standard union, standard intersection, and
standard complement function with the same function for determining the phase term satisfy
the following:

(i) RUR*=R or RUR‘=R".

(i) RNR =R or RNR®=R".

Proof To prove (1) and (2), two cases arise here.

@) O
Case 1

rre(x) < rr(x)
RU RS = rp(x)e'®®® @ rpe(x)e!r @) = rp(x)e'®®™ = R.

Case 2
rr(x) < rre(x)
RU R® = rp(x)e' "™ @ rpe(x)e! k™) = ppe(x)e!@r™) = RC.
(i)
Case 1
rre(x) < rr(x)
RN R® = rp(x)e' O sxrge (x)e!“r ) = rge(x)e'r ™) = R°.
Case 2

rr(x) < rre(x)
RN RE = rp(x)e "W srpe (x)e! k™) = pp(x)e!*™) = R,

Proposition 8 For any complex fuzzy sets R and S over a crisp set U, the standard union and
standard intersection function with the max function for determining the phase term does
not satisfy the absorption law.

Proof The absorption laws for crisp setare RN (RUS) = Rand RU(RNS) = R. ]
Here, we show that for any CFS R and S, the absorption laws do not hold. If

rr(x) <rs(x), wgr(x) < ws(x)
RN (RUS) = [rr(x)e’ kD x(rp(x)e/ k™ @ rg(x)e!s™)]

= rr(x)e R srg(x)e!Os®
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— %(x)ein(x) #R
RURNS) = [rr(x)e'®®® @ (rg(x)e! R D srg(x)e' ™))
= rr(x)e' R @ rp(x)el s
= rr(x)e’s™) £ R.
Also if

rs(x) < rr(x), owr(x) < ws(x)

RN(RUS) = [rr(0)e' kD ua(rg (x)e'*™ @ rs(x)e's™)]
= rr(x)e' R spp (x)e! s
= rr(x)e!®s™ £ R

RU(RNS) = [rr(x)e'®®® @ {rg(x)e'F ™ arg(x)e@s®)]

= rr(N)E R @ rs(x)e' s
= rp(x)e's™ £ R.

Hence, the absorption law does not hold for any complex fuzzy sets.

Proposition 9 For any CFSs R, S, and T, the standard complement, standard intersection,
and standard union function with different function for determining the phase term does not

satisfy the distributive laws.

Proof We use here“tage wi M Mer all”’and “min” function for determining the phase term.
The distributive law of union over intersectionis RU(SNT) = (RUS)N(RUT).Forr.H.S,
we use “take winner all” function; for L.H.S, we use “min” function for determining the

phase term.
If
rR(x) < rg(x) <rr(x), wr() < wsx) < or(x)
RU(SNT) = [rr(x)e" ™ & (rs(x)e'™ Wurr (x)e'“T)]
= rr(x)e' ) @ rg(x)e' ™

RUSNT) = rg(x)e®r™

(RUS)N(RUT) = [rr(x)e' "™ @ rg(x)e'*s™)]
*[rr(0)E D @ rr(x)er V]

iR (x) iR (x)

=rs(x)e *r7(x)e

(RUS)N(RUT) = rg(x)e k™).
From (1) and (2), we have:
RUMSNT)#(RUS)N(RUT).
Now, distributive law of intersection over union:

RN(SUT) = [rr(x)e' 8D x(rs(x)e"s™ @ rp(x)e'T™)]

iwg(x) i (x)

=rrx)e *r7(x)e

RN(SUT) = rp(x)e®r™

m}

(1

(@)

3
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(R N S) U (R N T) = ["R(X)ein(X)*rs(x)ei“’S(x)]
@D [rr (x)ei“’R(X)*rT (x)ein(X)]
= rR(x)ein(x) o FR(X)Ein(x)

(RNS)URNT) = rr(x)e ™, 4)
From (3) and (4), we have:

RNSUT)#A(RNS)U(RNT).

4 Applications

In this section, we will discuss the applications of CFS in signals and systems.

Definition 14 The Mth inverse discrete Fourier transform (IDFT) coefficient of a length M
sequence {x (M)} is defined as:

M—1
I 2
(@)=~ S XM, e (0,1,2,.... M~ 1),

q=0

where x (M) has different values (Selesnick and Schuller 2001).

We take a particular case that is U[M] = x’(M) is restricted to a closed interval [0, 1],
because in CFS, the amplitude term has all the values in the closed interval [0, 1].

Definition 15 (Selesnick and Schuller 2001) The DFT for {x'(M) : 1 < M < M} is given
by a matrix in product form:

x/(0) ] 1 1 1 Lo 1
x'(1) 1 ) RICE )] L EEwm-)
x'(2) 1 £CHY AEEY -
[ xX'(M = 1) | | T WM=1)  i(=FF2M-1) ol (—ZM—1)?)
x(0)
x(1)
x(2)
X 9
| x(M —1) |
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but the IDFT is given by:
x(o) i 1 ~12:'r - 2 ' < 2 1 [ x/(O) i
x(1) 1 e ¢ 2 A A x'(1)
x(2) RS Rt A ()
M
| x(M —1) | 1 eﬂﬁ”(M—l) ei%z(M—l) o eizﬁﬂ(M—l)z _x’(M -1 |

In the following, we develop an algorithm to use CFS in signals and systems for identifi-
cation of a particular signal received by a particular receiver.

Let m be different electromagnetic signals, and u1 (M), ua (M), uz(M), ..., u,, (M) have
been received by a particular receiver. Each of these signals is noted at M different times.
Let x,,, (M) bethe m —th (1 < m < M) signal. The discrete Fourier transform of this m —th
signal is:

1 g 2
um(M):MZOU[M]e’WMq; M,g=0,1,2,....,.M —1. 1)
q:

We restrict the range of U[M]as0 < U[M] <1 (0 < g < M—1).Here, U[M] = O/ (q)
is known as amplitude term and ZV”M q = ws(q) is known as phase term and the first one
having range as real numbers and U[M] € [0, 1] :

] 2
(M) = - S UIMIEFH Mg =012 M1 (@)
q=0

Thus a general signal representing by Eq. (1) is model for signal representation using a
CFS.

We use the CFS in signals and systems using a new kind of matrix to identify a particular
signal out of large signals detected by a digital receiver. For this, we have a reference signal
r.This reference signal r is noted M times. The DFT of this reference signal r is:

p M 2
- oY i Mgq. _ _
r(M)—M§()[q]eM © M,g=0,1,2,....M—1, )
q:

where ®'[¢] € [0,1]; (0 <g <M —1).

To compare the similarity between two signals, we apply the following method.
Algorithm
Step 1

M—1 .
Expand u,, (M) = % > U[M]e’zﬁMq forq =0,1,2,..., M — 1, we get:
q=0

1 o o o
Uy (M) = M[U[O]e’zﬁM(o) F U] TMD 4 2]l MO
+ o UIM = 163 MO0

1 -2 -2 Lo
(M) = - [U[0].1 + UMD 4 g1l MO 4 yM — 1]ef i M=y,
3)
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From Eq. (3), we get M — samRles by putting M =0,1,2,3,..., M — 1.
For M = 0, we have:

1 -2 -2 .2
u, (0) = —[U[0].1 + U[l]elzﬁ(o)(]) + U[z]elzﬁ(o)@) 4+ 4+ UM - l]elzﬁ(o)(M—l)]
M

1
i (0) = (U011 + UMLL + U211+ -+ UIM = 11.1]. 3.1)

For M = 1, we have:

l 27 2T L2
(1) = - [UI0].1 + Ulle 37 OW 4 21l O 4 UM — 1]ef 37 OMD)]

1 4 - 2 Lo
(1) = (U011 + UM D 4 up1ei@ 4 ... 4 UM — 1 T M-D] (32)

For M = 2, we have:

1 2 2T » 2T s 2T
un(2) = - [U[011 + Ul 7 OW 4 U1l # PO 4. UM — 1]¢i 7 @M=D)

1 - 21 - 2 .2
un(2) = 2 1UI0L1 + U@ L uple @ ... 4 UM — 1]/ 72M-D] (3.3

Continuing this process, for M = M — 1, we have:

1 . o
(M = 1) =~ [U[0L1 + Ul1e! 3 M=DD) 4 g6l 37 M-D@)
T UM — 1]l T M=DM=1)
I . o
(M = 1) = —[U[0L1 + Ull]e! 7 M=) 4 y2)el 37 2M -1

F oo+ UM — 1]l 37D, (3.4)

A similar argument repeats for the reference signal ® (M); we get the M — samRles of
the reference signal ® by putting M =0,1,2,3,..., M — 1.
Step 2

Now, we develop the matrix form for these M — samples of the signal u,, (M) and the
reference signal ®'(M) using definition 15; that is, we have:

Un(©) ] ! . L U] ]
U (1) 1 e'm elr? A U
m(2) RS & S e R
M
| (M — 1) | 1 emMm=n  iFem-n w17 | | UM —1]]

and
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1

- 1 1 / =
®(0) o . 2 ©'10]
a() 1 e el o dwM=D e'[1]
0) Ll e dAh L dRAMED e

M
| &M — 1) | | dEm-n  iZoam-n  iZEm—1? | LO[M —1]]

(A)

In Eq. (A), the first matrix on the right hand side is formed from the values of phase term
called Rhasemat®ix, while the second matrix is formed from the values of amplitude term
is called amplitude matrix and M denote the number of samples of signal.

Step 3

Multiply these two matrices and dividing by the number of samples M of signal. We get
all the values in the disk of radius one in a complex plane. As the order does not hold for
complex numbers, so we take absolute of these M — sam Rles of the signal x,,, (M) and the
reference signal ® (M); that is:

| um(0) ] ] [ 160 |
| um (1) | | ©) |
| um(2) | 1©Q) |
. and .
Ll um(M —1) | ] L1 OW —1) ]

These two matrices are called absolute value matrix.
Step 4

Now, we take the maximum value from the absolute value matrix of the signal u,, (M)
and reference signal ® (M). If these two values are nearly the same, then the signal u,, (M)
identifies a reference signal.

Example 10 Assume that four different electromagnetic signals, u (M), us (M), u3(M), and
u4(M), have been received by a receiver. Each of these signals is sampled four times. Let
® (M) be the reference signal. The discrete Fourier transform of the signal u,,(M); m =
0, 1, 2, 3 and reference signal ® (M) for M = 4 is:

3
1 2
wn(M) = 3 Y Un[MIe TY9: Mg =0,1,2.3, ()
q=0
where
UnM] € [0, 1].
Also
1 3 -2
OM) = ZZ@’[M]e'TM‘f; M,q=0,1,23, )
q=0
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where
®'[M] € [0, 1].

For M =0, 1, 2, 3, Eq. (1) becomes:

1 27 .2 . 2 .o
U (M) = ~[Up[0].¢! TMO 4 1 117, FMD 4 g 2], FHMD 4 1, [3].6 FMO)

4
1 ;21 - 27 22
Um (M) = Z[Um[O].l + U116 + U426 T M 4 U, [3].6873M].

Now, put M = 0 in (3), we have:

—_

i (0) = Z[Un (011 + Up (116 ¥ O 4 U, [21.6 520 4 U, [31.¢/ 530

4
1
um(0) = Z[Um[oll + Unl1].1 + Unl2].1 + Up[3].1].

Put M = 11in (3), we have:
1

U (1) = = [Un[O].1 + Upn[11. TD 4+ U, [21.6/F2D 4 U, [3]. 3D

—_

— i% %@ 70
(1) = Z[Unl01-1 + Unl1].€'% + Upnl2]."2 + Up[3].e 5 ).

Put M = 2 in (3), we have:

—

U (2) = ~[Un[O].1 + Un[11.6 T 4+ U216/ 2P 4 U,,[3]. 53?)]

4

1 . 2T JT JT
un(2) = Z[Unl0L1 + Up[11.6 7@ 4+ U, 2.6 T@ + U, [3]. 7O

Put M = 3 in (3), we get:

1 221 2 22
(3) = 2 [Un[0]-1 + Unl11.e 7 4 U, [2].e' 723 4 U, [3].¢ 3330

1 -2 2 o
tp (3) = Z[Unl0]-1 + U115 + U, 21" 5O 4 U, 3]/ T O]

We can write (3.1), (3.2), (3.3), and (3.4) in matrices form as:

um (0) 1 . 2;11 . 2717 . 2;11 Ui [0]
(1) | _ 1|1 0@ SO
un@) | T 4|1 fTFQ bTG [TO || U[2]
U (3) 1 T3 LiF©O LiFo | |LUi3]

A similar argument repeats for the reference signal ® (M); we get:

1

1

©0) B 2m ; 2 2 o
oy| 1|1 dFO 4FO 4T || g
00| T1|1 JFO 4T J¥O |6
03) 1 T JFO LT | O3]
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First of all, we find the values of the sample of reference signal ® (M). For this, we have:

0; q

0; =1
Olal =105 &

1; qg=3
0(0) 1 1 1
e | _Lf1 i -1
012) 411 -1 1
®03) 1 —i -1

0 0.3
0| _ |-02—i
02|~ | -08
1 0.2+

Now, the absolute value matrix of the reference signal is:

| ©(0) |
| ) |
1©Q) |
1©0) |

The maximum value is 0.3.
Now, for the signal u; (M) ; M =0, 1, 2, 3:

S5, gq=0
)T o g=1
Utlgl = 1 g o —
I, ¢g=3
(u1(0)7] 11 1
ur () | 1 1 @i -1
w@ | 41 -1 1
L u1(3) ] 1 - -1
(11(0)] i 3
ur()y | 1 —-0.3-0.3i
w1 (2| 4 —-0.4
| 11 (3) | | —0.3+0.3

0.3
0.3
0.2
0.3

0.75
—0.075 — 0.075i
—0.1
—0.075 + 0.075i

Now, the absolute value matrix of the signal u (M) is:

| u1(0) |
lui(l) |
lu1(2) |
lu1(3) |

Here, the maximum value is 0.8.
For u>(M), we have:

0.4;
0.6;

Ualgl = { e

0.8
0.1
0.1
0.1
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Now
(145(0) ] (1 1 1 1700
us (1) _1 1 i -1 —i U,[1]
w2 41 -1 1 -1 U»[2]
| u2(3) | 11 =i =1 i || U:3]
(12 (0)] 11 1 1704
ur(1) | 1 1 i -1 —i 0.6
2| 4411 -1 1 -1 0.8
| u2(3) | 11 —-i =1 i || 1
(12(0)] M 28 0.7
ur() | 1 —04—-04i| | -0.1-0.1i
ur2) | 4 —-0.4 - —0.1
| u2(3) | | —0.4+0.4i | —0.1+0.17
Now, the absolute value matrix of the signal us (M) is:
[ u2(0) | 0.77]
| uz(1) | _ 0.1
[ u2(2) | 0.1
| 1] [0.1]
Here, the maximum value is 0.7.
Now, for signal u3 (M), we have:
0.6; ¢g=
_)L og=1
Uslq]l = 0.9: q=2
08, ¢g=3
[u3(0)] b r b T
ws() | _ 11 &HW TR T
w | =11 dFe Jxe gFe||un
| u3(3) | 1 T3 LFO  LiFo | |LUsl3]
[u3(0)] 11 1 1 0.6
0N N N B T
(2| 4|11 -1 1 —=1]1(09
| u3(3) | |1 - -1 i 0.8
[u3(0)] i 3.3 0.825
us(1) | l —-03+0.2i | | —0.075+0.05
us(2) | 4 —-0.3 o —0.075
L u3(3) | | —0.3-0.2 —0.075 - 0.05:¢

Now, the absolute value matrix of the signal u3(M) is:

| u3(0) | 0.8
lus() || _ | 0.1
lus2) ||~ | 0.1
lus(3) | 0.1

Here, the maximum value is 0.8.
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Now, for us (M), we have:

08, ¢g=0
)05 g=1
Uslal =107 725
0; q=3
["14(0)] 11 1 1 7] [U410]
ug(l) | l 1 i -1 —i Uyl1]
us| 4|1 -1 1 -1 U4[2]
| u4(3) | |1 =i =1 i || Ul3]
[u4(0)] 11 1 17108
us(1) _l 1 i =1 —i 0.5
ug2)| 411 -1 1 =1 0
| #a(3) | |1 i -1 i || 0
[(14(0)] [ 1.3 ] 0.3
ug() | _ 1108+0.5 | _ [0.2+0.125i
ug(2) | 4 0.3 - 0.1
L #a(3) | | 0.8 —0.5i | 0.2 —0.125{
Now, the absolute value matrix of the signal u4 (M) is:
[ us(0) | [0.3
| ua(D) || _ [ 0.2
| u4(2) | 0.1
|31 [02

Here, the maximum value is 0.3.
Now, from the following table of maximum values:

M) 0.3
ur (M) 0.8
ur(M) 0.7
us(M) 0.8
us(M) 0.3

The signal u4(M) identifies as a reference signal.

5 Comparison

The complex fuzzy set has many applications, particularly in signal processing and image
restoration as it represents the particular form of a Fourier series. Here, we have presented
the application of CFES in signals and systems. In this practical application, one of the main
issues is that how to choose a suitable model. We examined this idea in depth and used the
CFS in signals and systems by introducing an algorithm using the matrix already introduced
in Selesnick and Schuller (2001) and the CFS. In this application, we identified a reference
signal out of large interest signals detected by a digital receiver. Ramot et al. (2002) introduced
an algorithm to identify the unknown signal received by the digital receiver with reference
signal R, and in Zhang et al. (2009), the authors modified the method introduced in Ramot
et al. (2002). Furthermore, Ali and Smarandache (2017) work on the same algorithm for
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complex neutrosophic sets. In all these algorithms, the authors actually tried to find the
highest resemblance with the known signal R, while the method which we developed gives
the exact value of unknown signal among the all unknown signals received by the digital
receiver. We compared it with the known signal R, and observed that both the values are
exactly equal. Thus, we identified one unknown signal as a reference signal R among the
several signals detected by the receiver. The model that presented in this paper for identifying
a reference signal is more effective than the methods previously developed. Here, we used a
discrete Fourier transform matrix (DFTM) to develop an algorithm for further use in signal
processing. Moreover, through this model, we determined the value of each signal separately,
that detected by a digital receiver. In fact, we compared the values of different signals with the
reference signal and we easily identified the reference signal. Moreover, it is seen clearly that
how the detected signals matched with the reference signal. However, our designed model
is not a perfect one; it stucks with a deficiency of theoretical support. The concept of matrix
for CFSs may be useful for applications. Therefore, it will be significant for future work.

6 Conclusion

In this paper, we have discussed some new set theoretic operations on a CFS, and properties
of a CFS with respect to standard CF union, standard CF intersection, and standard CF
complement. We have presented some basic results and examples of these operations and
laws under the operations of complex fuzzy union, complex fuzzy intersection, and complex
fuzzy complement. Moreover, we have used a complex fuzzy set in signals and systems.
We have introduced a new method to develop a new kind of matrix using a complex fuzzy
set, through which we identified a reference signal among several signals detected by the
digital receiver. In future, the same method can be used for continuous data of signals using
continuous Fourier transform. This method can also be applied for identification of signals
in geology. Moreover, this work and further study of complex fuzzy sets will give a new
direction of applications in different fields of science and engineering.
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