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Abstract

In this paper, we discuss the further development of the theory of complex fuzzy sets (CFSs).
The motivation for this extension is the utility of complex-valued function in membership
grade which can express the two-dimensional ambiguous information that is prevalent in
time-periodic phenomena. We introduce partial order relation on complex fuzzy sets. This
partial order relation is then used to define the complex fuzzy maximal, minimal, maximum,
and minimum elements. We propose new distance measures such as complex fuzzy distance
measures and a complex fuzzy weighted distance measure. We establish some particular
examples and basic results of the partial order relations and distance measures. Moreover,
we utilize the complex fuzzy sets in signals and systems, because it is the specific form of the
Fourier transform by restricting the range of Fourier transform to a complex unit disc. We
establish a new algorithm based on the complex fuzzy distance measures and complex fuzzy
weighted distance measures for applications in signals and systems by which we determine
the degree of high resemblance of signals to the known signal. Further, the comparative study
of the proposed distance measures with the Zhang distance measure, Hamming distance
measure, and Normalized Hamming distance measure is discussed.
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1 Introduction

Many theories are proposed to cope with uncertainty and imprecision that handle in almost
all the real-life problems such as the theory of fuzzy sets (FSs) (Zadeh 1965), theory of rough
sets (Pawlak 1982), theory of intuitionistic fuzzy sets (IFSs) (Atanassov 2016), theory of
Pythagorean fuzzy sets (Peng and Yang 2015), theory of complex fuzzy sets (CFSs) (Ramot
etal. 2002), theory of soft sets (Molodtsov 1999), and the theory of fuzzy soft sets (FSSs) (Maji
et al. 2001). All these models have their own limitations, advantages, and characteristics.
These models are used in many situations of uncertainties such as engineering, computer
science, decision-making problems, networking, pattern recognition, and many other fields
of science.

The concept of a fuzzy set was first given by Zadeh (1965). The FSs have desirable
applications in economics, engineering, decision-making problems, computer science, pat-
tern recognition, networking, etc. Ibrahim (2021) proposed the notion of (3,2)-fuzzy sets and
discussed their applications to topology and optimal choices. Tiirk et al. (2021) developed a
multi-criteria decision-making method based on the interval type-2 fuzzy sets for selecting
the best location for electric charging stations. Bulut and Ozcan discussed a new method
towards the evaluation of joint technology performances of battery energy storage system
under the fuzzy environment (Bulut and Ozcan 2021). A novel interval type-2 trapezoid fuzzy
multi-attribute group decision-making method was proposed by Meng et al. (2021). They
utilized this method to the applications of the evaluation of sponge city construction. Mishra
et al. (2021) extended the ARAS technique under the environment of hesitant fuzzy sets to
control complex decision-making problems.

Gehrke et al. (1996) proposed the theory of interval-valued fuzzy sets (IVFSs) in which
fuzzy values are interval. The interval-valued fuzzy sets have many applications in different
fields of science. Dutta (2017) introduced the distance measures for IVFSs and discussed
their applications in medical diagnosis. Pgkala et al. (2021) defined the inclusion and similar-
ity measures for IVFSs. A multi-criteria decision-making method based on interval-valued
Fermatean fuzzy sets was proposed by Jeevaraj in Jeevaraj (2021). Huidobro et al. (2021)
defined the concept of convexity of IVFSs and utilized it in decision-making problems.

Atanassov gave the concept of intuitionistic fuzzy sets (IFSs) which is the generalization
of fuzzy sets (Atanassov 1986). The intuitionistic fuzzy set model is very useful in various
fields of science. Xue and Deng (2021) proposed the decision-making method under the
intuitionistic fuzzy environment. Yang and Yao (2021) discussed the two possible solutions
to the problem of constructing a shadowed set from an Atanassov IFS. Yang et al. (2022)
proposed a method for establishing a three way approximation of an intuitionistic fuzzy set
following the trisecting acting outcome framework of three way decision. In Duan and Li
(2021), defined four kinds of intuitionistic similarities utilizing the implication operator and
corresponding logical metric spaces. They discussed their applications in pattern recogni-
tion and robustness analysis. A novel knowledge measure based on intuitionistic fuzzy set
was developed by Wu et al. (2021). They utilized the proposed knowledge measure to the
multi-criteria decision-making problems. Garg and Rani (2021) defined a new similarity
measure based on the transformed right-angled triangles between intuitionistic fuzzy setsand
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investigated its applications to the decision-making problems.

In Yager (2014), introduced the notion of the Pythagorean fuzzy set (PFS) which is the
extension of intuitionistic fuzzy set. The Pythagorean fuzzy sets have been widely used
in uncertain problems. Ejegwa and Awolola (2021) introduced some new distance mea-
sures for Pythagorean fuzzy sets. They discussed their applications to pattern recognition
problems. Farhadinia (2022) defined novel similarity measures based on two notions of t-
norm and s-norm together with the distance measure between Pythagorean fuzzy sets. He
showed the potential of the proposed similarity measures in medical diagnosis and pattern
recognition problems. Boyaci and Sisman (2022) studied the methods used for site selec-
tion for a pandemic hospital in Atakum under the Pythagorean fuzzy environment. Ejegwa
(2021) generalized the Garg’s correlation coefficient for Pythagorean fuzzy sets and applied
it to multi-criteria decision-making problems. Some directional correlation coefficient mea-
sures for Pythagorean fuzzy sets were introduced by Lin et al. (2021), and discussed their
applications in medical diagnosis and cluster analysis. Molla et al. (2021) extended the
PROMETHEE method under the environment of Pythagorean fuzzy sets. They solved a
medical diagnosis problem utilizing the new proposed Pythagorean fuzzy PROMETHEE
method. Ejegwa et al. (2022a, 2021) proposed a three-way approach for the computation
of correlation coefficient between PFSs using the concepts of variance and covariance. They
discussed decision-making problems based on three-way approach for the computation of
correlation coefficient between PFSs. Some methods of calculating the correlation coefficient
of PFSs which resolve the setbacks in the existing methods were discussed by Ejegwa et al.
(2022b). They studied their applications in decision-making problems. Moreover, a medical
diagnostic process based on modified composite relation on Pythagorean fuzzy multi-sets
was developed by Ejegwa et al. (2022c¢).

Fuzzy sets, interval-valued fuzzy sets, intuitionistic fuzzy sets, and Pythagorean fuzzy sets
can not control inconsistent, incomplete, and imprecise information of periodic nature. These
models are very useful in different uncertain problems, but these theories can not deal with
two-dimensional phenomena. To overcome this deficiency, Ramot et al. (2002) introduced
the concept of complex fuzzy sets. The capability of a complex fuzzy set for representing
two-dimensional phenomena makes it worthier than the fuzzy set model, intuitionistic fuzzy
set, and Pythagorean fuzzy set model. The complex fuzzy sets have desirable applications in
advanced control systems and periodic events. Jia et al. (2021) studied a new solution for
Z-numbers under the complex fuzzy environment and discussed its applications in decision-
making problems. Hu et al. (2017) introduced the orthogonality relation of complex fuzzy
sets and discussed its applications in signals and systems. Ma et al. (2019) proposed an
algorithm based on complex fuzzy sets for the identification of a high degree of resemblance
with the reference signal. Some new types of relations on complex fuzzy sets were proposed
by Khan et al. (2021). They developed a decision-making method based on complex fuzzy
relations. Khan et al. (2020) defined the notion of complex fuzzy soft matrices and applied it
to a decision-making problem in signal processing. Selvachandran et al. (2018) applied the
interval-valued complex fuzzy relations in economics problem. Song et al. (2021) proposed
the distance measures for interval-valued complex fuzzy sets and utilized them in decision-
making problems. Zhang et al. (2009) introduced distance measure between two complex
fuzzy sets. They utilized the distance measure to introduce § — equalities of CFSs. Dai
et al. (2019) developed some series of distance measures between interval-valued CFSs
using Hamming and Euclidean metrics. Hu et al. (2018) defined different types of distance
measures for CFSs and discussed their applications to continuity problems. The notions of
distance measures and cross entropy measures in the environment of CFSs were proposed by
Liu et al. (2020); Liu et al. (2022). They discussed the relation between them. Alkouri and
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Salleh (2014) introduced several distance measures based on CFSs. They suggested solutions
to some problems in different fields through complex fuzzy distance measures. The objectives
of this paper are to

(i) define a new distance measure between two CFSs,
(i) propose a new algorithm based on the complex fuzzy distance measures and complex
fuzzy weighted distance measures for applications in signals and systems,
(iii) numerically verify the superiority of the proposed algorithm on CFSs over the existing

one.
In this paper, we introduce the partial order relation on complex fuzzy sets. This partial order

relation is then used to define the complex fuzzy maximal, minimal, maximum, and minimum
elements. We propose new distance measures such as complex fuzzy distance measures and
complex fuzzy weighted distance measures. We establish some particular examples and basic
results of the partial order relations and distance measures. Moreover, we utilize the complex
fuzzy sets in signals and systems. We establish a new algorithm based on the complex fuzzy
distance measures and complex fuzzy weighted distance measures for applications in signals
and systems by which we determine the degree of high resemblance of signals to the known
signal. Further, the comparative study of the proposed distance measures with the Zhang
distance measure, Hamming distance measure, and normalized Hamming distance measure
is discussed.

2 Complex fuzzy sets

In this section, we will recall the notions of complex fuzzy sets.

Definition 1 (Ramot et al. 2002) A CFS N, defined on a universe of discourse U, is char-
acterized by a grade value Zg (>) that assigns any element »» € U a complex-valued grade
of membership in R. Mathematically, membership function of CFS i can be represented
by Zgi(2) = Sy (50)e! 478109 where Gy () and Argy () are known as amplitude term
and phase term respectively. Both these functions are real-valued and @y (5) € [0, 1]. The
function /4781 (*9) i a periodic function whose periodic law and principal period are, respec-

tively, 2 and O < argy; (»¢) < 2m. Then, Argw(s¢) = argy (5¢) 4+ 2km, k = 0, —T—l, —T—Z, R
The principle argument argg, (»¢) will used on the following text.

Mathematically,
CFS can be expressed as a set of ordered pairs given by

N = {(s¢; Zpi (2)) : x € U}.

Definition 2 (Zhang et al. 2009) Let ®,,, m = 1,2,3, ..., M be M CFS defined on U and
Zy,, () = On,, (30)e' &im 9 their membership functions. The complex fuzzy Cartesian
product of N, denoted by N x Ry x N3 x -+ x N, is specified by a function

T ArZg . 9t x9a oo xSy (32)
gty x 9y x93 - x9m (32) = Oty xIp xg xooex Py (30) @ S22

= min(®w, (1), On, G2), . . ., O, Gtm))

o min(argy, (3e1).argy, (22)....argy,, (4n))

Definition 3 (Ramot et al. 2002) Let ! and N, be two complex fuzzy sets on U, and
Ly, (3) = @, o) ™81 and Zyy, (30) = O, ()¢’ 209 their grade values, respec-
tively. The intersection of these two complex fuzzy sets 91 and 9i;, denoted | N Ny, is
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specified by a function
N1 NNy = O, (%)ei argy, (%) A O, (%)ei argy, (>)
= min [@u, G2), @y )] ¢ ™ L7802,

Definition 4 (Ramot et al. 2002) Let M| and R, be two complex fuzzy sets on U, and
L, (3) = O, Go)e 81 and Zyy, (30) = O, (3)e’ 209 their grade values, respec-
tively. The union of these two complex fuzzy sets 9 and Ny, denoted N1 U N», is specified
by a function

N1 UMy = O, (%)ei argy, (>9) | ©n, (%)ei argy,, (52)
— max [©5“1 (30), @9{2 (%)] ei max[arg:m (50).argy, (%)] )
Definition 5 Let | and Ny be two complex fuzzy setson U, and Zgy, (»2) = O, ( %)ei argy, ()

and Zy, (32) = @, (3¢’ 82 their grade values, respectively. Then, %} is said to be a
subset of N7, denoted by N1 C Ny if O, (31) < On, (32) and argy, (>0) < argy, (50).

Definition 6 A relation < is said to be a partial order on a complex fuzzy set 3 if the following
properties hold.

(i) On() < On(s4) and argy (5) < argy (55).
(ii) If ®@n (o) < Omn(se)), argy(s5) < argy(s¢;) and ©n(54) = On(s¢)), argy (35) >
argy (3¢;) then, ®n (56) = @n(5¢;)), argy (54) = argy (5¢;).
(i) If ©n(s4) < On(s)), argy(24) < argy(s¢;) and ®n(3¢j) < On (), argy (5¢j) <
argg (2¢;) then, ®n (24) < ©n(2a), argy (36) < argy (54).

Definition 7 Let %N be a complex fuzzy partial order set and Zgy (5¢;) € Zgi (3¢). We define

(i) Zy(54) is complex fuzzy minimal if Zgy (5¢;) > Zy (5¢;) then Zy (35) = Zg (5¢j), that
is, ®©n(5) = Omn(5¢)), argy (54) > argy (5¢;) then, ©n (24) = On(37)), argy (35) =
argm(%j) for all Zm (%j) (S Zm (%)

(it) Zgp (5¢) is complex fuzzy maximal if Zy (36;) < Zy (5¢j) then Zy (34) = Zy(5¢;), that
is, ©p () < Oni(3¢)), argy (54) < argy (5¢j) then, Oy (35) = On (>¢)), argy (36) =
argy, (s¢) for all Zy (s2)) € Zg (52).

(iil) Zg (54 ) is a complex fuzzy minimum element if Zg (35) < Zy;(3¢;), thatis, ®n (54) <
O (52)), argy, (5¢;) < argy () for all Zy(s;) € Zy (52).

(iv) Zg(s5) is a complex fuzzy maximum element if Zg (25) > Zg (3¢;), thatis, ©n (35) >
O (32)), argy (35) > argy (5¢;) for all Zy (3¢)) € Zy ().

Theorem 1 Let 0 be a complex fuzzy partial order set and Zg () = G (3c)e’ ) pe its
membership function. Then,

(i) Complex fuzzy maximum elements are complex fuzzy maximal.
(i) Complex fuzzy minimum elements are complex fuzzy minimal.
(iii) There can be at most one complex fuzzy maximum element.
(iv) There can be at most one complex fuzzy minimum element.

Proof (i) Let Zy (5¢;) € Zg(5¢) is a complex fuzzy maximum element then,

Ly (55;) = Ly (5¢f) (D
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for all Zy () € Zg(5¢). We prove that a complex fuzzy maximum element is a complex
fuzzy maximal. If

Ly (55;) < Ly (5¢) 2)

From inequalities 1 and 2, we have Zgy (5¢;) = Zg (5¢;). Thus, Zy () is a complex fuzzy
maximal. Since Zgy (5¢;) is an arbitrary complex fuzzy maximal elements. Therefore, all the
complex fuzzy maximum elements are complex fuzzy maximal.

(ii) Itis easy to prove.

(iii) Let Zy(»5) and Zgy (5¢;) be two complex fuzzy maximum elements of a complex fuzzy
set M. Since Zgy (57;) is a complex fuzzy maximum element then,

Ly (55;) = Ly (¢) 3)

for all Zm (%j) (S Zm (%)
Also, Zgy () is a complex fuzzy maximum element then,

Ly () = Ly (55) 4

for all Zy () € Zy(5). from inequality 3 and 4 we have Zgy (5¢j) = Zy(3z). Thus, there
exists at most one complex fuzzy maximum element.
(iv). It is easy to prove. O

3 Distance measures of complex fuzzy sets

In this section, we recall some distance measures for complex fuzzy sets such as Zhang dis-
tance, Normalized Hamming distance measure, and Hamming distance measure. Moreover,
we propose the distance measure and weighted distance measure of CFSs.

(ii) The Zhang distance,

i 1
I'(Ri, N;) = max | sup |Ow, (34) — Oun; (59, 5, sup |argy, (»24) — argy, (%q)|:| .

_%qu »2y€U

(iv) The Normalized Hamming distance,

1| < 1 <
DO ) = o | D (O, () = @, Gl + 5l argy, () — argy, (2|
_q:l g=1

(iii) The Hamming distance,

1| e 1 <
TR, 9Ny) = 3 Z|®m‘,- (325) — O, Geg)| + §Z| argy, (r4) — argy, ()|
g=1 g=1
Definition 8 A distance measure of CFSs is a function I' : W*(U) x W*(U) — [0, 1] with
the properties: for any 01, Ny, N3 € R*(U)(collection of CFSs)
1) 0 <T M1, M) <1, TNy, N2) = 0if and only if R; = N».

(i) Ty, Na) = T, R1).
(i) TNy, N3) < TN, Rp) + T (M2, R3).
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We introduce the distance measure I" as

" |: |©ﬂti (%q) - @.‘“j (%q)| | argm,- (%q) - argfﬁj (%L])l :|

1
rM;, ") =-
v an:; L+ ®m; (55) — O (52g)| - 27 + | argy, (574) — argy, (524)|

(&)

Note that the distance measure I" plays a key role in the remainder of this paper.

Example 1 Let

then

—_

03-07]  [lx=2x] ), (_108-04] . _|1.57-05z]
1403-0.7] T 2Zn+|iz—27] 1408—0.4] T 27 +[1.57—0.57]
10.5-0.9] |27 — 17| ’
+ <1+|o.5—o.9| + aqpr—i7]

1
=3 [0.29 4+ 0.33 +0.29 + 0.33 + 0.29 +- 0.33]

LRy, M) =

w

= 0.62.

Theorem 2 The function T" defined by the equality 5 is a distance function of CFSs on U.

Proof The condition I"(;, 31 ;) > 0 obviously holds true. Next consider

n [ —
PO, R) = lZ |®m; (524) — O, (39)1 |argy, (3¢4) — argy, (52|
ni | 1+ (O (rg) — Om; (o)l 2 + angy, (554) — argy; (52) |

1< 1 27
=it
nq:1_1+1 2w + 21

_12”:‘1+2n _Ar,
_nq_l 2 4m| n[2 2

<1

I | =

Therefore, 0 < T'(N;, N;) < 1, and

1< 0 — @ argq: (32,) — argy (¢,
N 72 |®J\, (%q) @9\, (%q)| + | 20 ( q) 200 ( q)|
o 1+ |®m, (5g) — Om,; (52g)| - 27 + | argy, (574) — argy,, (54)]

n
=04+0=0.
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Condition (ii) is straightforward. To prove (iii), we have

1 n |®n; (324) =@y (329) |
' - 1+®n; (329)— Oy, (524
C, Ry) = ; Z | argy, (zq)fargr,fk(%q)l
g=1 [ 2m+largy, (>¢5)—argy, (3¢)]
n |®; (529) = (529)+O; (39) = Oy (3291
1 1+ ©®w; (329) = (529) +O; (359) = Oy (3291 +
= Z argy, (sq)—argy ; (5eq)+argy ; (5¢9) —argy, (52)
g=1 | 2m+|argy, (¢q) —argy , (¢)argy ; (5¢g) —argy, (5¢4)]
n |®; (52g) = ; Geg) [+-1®n; (529) —Ouyy. (324)
N 1 1+[®m; (324)—Oni ; (32¢) [+1Ont ; (324) =By, (329)
F(?ﬁi, Shk) = ; Z |arg,(i(uq)—argm;(%q)lﬂa.rg.\)j‘-j(%q)—argmk (229)|
q=1 27+ argy, (%q)*afg:w/- (529)1+] argy; (32q) —argy, (52|

- I®n, (524) -, ()] N
1+H®mn; (329) —Om ; () 1+1Omn ; (329) Oy (379
|®; (52g) =y, (524) i

1 1H®w; (29) = ; (29) [+1On ; (524) =Ouy. (324)]

Z largy, (3¢q)—argy ; (529)|
g=1| 2w+ argy, (5eq) —argy; (¢q )|+ argy ; (3q) —argy, (329)] +
largy , (3¢q) —argy, (3¢9)]
| 2mtlargy, (sq)—argy ; (sq) [+ argy  (329) —argy, ()]

B |®; (52g) = (5291

IA
\

- 1+ ®w; (329) = ; (529 [+-On ; (529) =iy, (524 +
= ;Z largy, (52) —argy;; (524)
9=1 | 2mtargy, () —argy () [+l argy  (eg) —argy, (<)
n 1©n; (524) =y (524)
1 1H®m; (529) —Omn ; (32 1+H©On ; (329) = Oy (3791 +
Ty |argy (324)—argy, (<))
q=1 | 2m-+|argy, (eg)—argy ; (52 )|+ argy ; (3¢4) —argyy (>29)]
n
1 [®m; (529) — ©m; (529) | argy, (>24) — argy, (521
<- +
n < L+ |®n; 2g) — Om; ()| 21 + | argy, (54) — argy (524
q= : :
N 1 2": |®n; (525) — Oy (529)| largy, (525) — argy, (52)]
ni 1+ 1®m; () — Om ()| 27 + argy, (5¢) — argy, (52)]

=T, Rj) + Ty, Re).
Thus, D(R;, Re) < TR, R)) + T, Re). O
Note that in the above theorem, if n = 1 then, I'(";, N ;) = 1.
Corollary 1 The distance measure T of complex fuzzy sets is a fuzzy set.
Proof The proof is obvious from the definition. O

Proposition 1 The distance measure I" of complex fuzzy sets is closed with respect to the
operations of fuzzy union, fuzzy intersection, and fuzzy complement.

Proof 1t is easy to prove. O
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Definition9 Let I' be a distance measure of complex fuzzy sets. Then, the complement
distance measure I"((0;)¢, (N ;)°) of two complex fuzzy sets is defined as

|(1=®n, (39)—(1-Cmn; (39))]

\ . I | THT—®w,; G — (TG, G|
(RS, ) = ;Z Jargy, (o) —argy G|
g=1 21 +|argy, (%q)—argm_,- (529)1

Example 2 et

0.9¢17 1157 (.12

N = + + ,
a b c

, 0.2¢* 03¢0 0.8el7

Ny = + + ,
a b c

then
(M), M) = 0.74.

Definition 10 Let I be a distance measure of complex fuzzy sets. Then, the distance measure
O UN;, N NOR) of two complex fuzzy sets is defined as

|(@; (52g) VO (529)) = (O (3eg) NOi; (524))]

1 & L+[(®; (329)VOii ; (329)) —(Omy; (3¢g)AOi ; (32¢))]
rogu mj, NN E)%j) = ;Z |(a.rgm[(%q)\/arg},i;(%q))f(argmi (%,,)/\argg,/‘\j (329)) s

9=l | 2z +](argy, (g Vargy  (54)) —(argy, Geq) nargy ; (32)]

where Vv and A denote the max and min operator of complex fuzzy sets.
Example 3 Let

056997 0.6e7T 0.9
Ny = + + ,
a b c

le!l™  0.1el2m  0.7e157

a b c

Ny =
then
(M1 UNRy, Ry NYL) = 0.57.

Theorem 3 Let T be a distance measure of complex fuzzy sets. Then, the following hold.

() IO, NRj) =T O, (R,
(i) T(R)C, R)) =T, R)).

n
Proof (i) For I(0;, %) = 1% [

|©n; (329) =i ; (35)] argy, (>¢q) —argy; (524)] ]
, we
g=1

1+|©ﬂii (”q)*@ﬂij (%q)‘ 2 +| argmi (%q)*argmj (%q)‘
have the following:

n 17 N - N \\‘. - S)
P 9 = 12{ (1=, Gog)) = @, Cr) | e, Gy) — gy, ()| }

nas 110 —®myGeg)) —Om; o)l 2 + [ argy, (549) — argy, (559)]
B an: [(1 — @, (52)) — O, (324)1 |argy, (5¢) — argy; (52)|
B na 110 = Oy (o)) — Om o)l 2 + [ argy, (549) — argy, (559)]

B li [®m, (34) — (1 — @, (529))] largy, (54) — argy, (>¢)1
B na L1 18 Gg) — (1= Om; G| 27 + [ argy, (559) — argy, (559)

=T, R))°).
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(ii)
M 11-Ow, G2g)~ (-G, (52))]
1+[(1-®w; (%q))—(l—@)suj (324))]
largy, (cg) —argy ; (24|
g=1 L 271+\argml_ (;rq)fargmj (529)]
1A [ 1@ o) — @, G2 N | argy, (524) — argy, (52)1
ni | 1+ 1w, Gg) = ©m; o)l 21 + argy, (324) — argy, (52)

1 1@ ) — Omn; (349))] N | argy, (524) — argy; (524)]
n |+ IO, (52g) — Om; (359)] 27 + | argy, (345) — argy; (34|

(D, M)

=T (N, R).

Theorem 4 Let T be a distance measure of complex fuzzy sets. Then, the following hold.
@ TCOLUNR;, N NNR) =T O, R,
(i) TOW, R\ NN =T, R\ UR;),
(i) TR, M UR;) =T, N NR).
Proof (i) To prove 1 there are many cases arise here.
Case 1.

Om; (529) = Om; (55) and argy, (5¢5) < argy, (>4)

(O (%q)\/©mj (529)) = (@, (350) \Om ; (55))]

e I | TH@w, G VO, G~ (@, G "B, g
F(%, U 91}‘, gli N %1) = ;Z |(argml_ (;fq)\/arg))tj(;fq))—(argmi (%q)/\arg;i]_ (%q))\

q=1 2ﬂ+|(argmi (%q)\/argm,_ (%q))—(argml_ (xq)Aargmj (529))]

1 Z[ ®n; (324)) — @y, (329) | argy; (544) — argy, (52)] }
n
q=1

1+ G (52) — Om; ()| 2 + [(argy; (324) — argy, (52|

1 Z [ I®n, (59)) — @i, (529) | argy, (5¢4) — argy, (529) }
i 1+ O, (52) — Om; ()| 2 + [(argy, (5¢9) — argy; (52|
=T (. %))
Case 2.

@m-(%q) = @:u,- (%q) and argm-(%q) =< arg})t-(%q)
J J i

n |(®; (2q) VO ; (354)) = (@ (32 ) NOui ; (%))
1 T+H[(®; ) VO ; (329)) = (®; ) A®ui ; (59))]
n Z I(argy, (3¢q) Vargy ; (3¢))—(argy, (3q) Aargy,; (524))]
g=1 | 2m+|(argy, (2q)Vargy , (3¢)) = (argy, (s<g) Aargy ; (524)]
" |®n; (529))—Cu; (%)
1 T+1®n; (329)— Ot (32|
;Z | argy, (%q)_a-rg:?(/ (529)|
q=1 27+ (arg}h‘[ (”‘q)*m‘g}){j (524)|

=T, %))

T Uy, 9% N%) =
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Case 3.

O, (354) = Om; (524) and argy, (524) < argy, (524)

r; Umj,m,‘ ﬂmj) =

1 n
3
g=1

(@, (329) VO, (529)) = (@Om; (329) A O (52))

1+(®w, (Mq)V@n (529)) = (©Ow; (%q)/\@n (32))1

|(3Igye (%q)VaIgn (%q)) (argsh (%q)Aargs,\ (529))1

| 27 +l(argy, (%q)\/argy. (324)) — (argy, (%q)Aargm (€]

|®‘H (%q)) @‘1\, (%q)‘
TH @, G~y Gl T
|arg% (524)— arg\“ (329)|

| 27 +l(argy, ("q)—afgmj Gl |

|®; (529)) = (5291

I | O, G- ®m Gl
; |arg)‘ (%q) arg‘)( (%q)l
27T+|(3Ig)q (324)— arg“ (%q)|
=T, N)).

Case 4.

@:nj (%q) < @m,- (%q) and argy,; (%q) =< argmj (%q)

Ty UR,, 0% N9R)

u [(®; (2g) VO (359) = (®; (35 ) AOwi; (524))]

1 1+[(®w; (%q)\/©h (>2)—(Ow; (%q)/\@u (529))]

; I(arg“ (%q)Vargn (324))— (arg,l (%q)Aargy. (329)|
q=1 L 27 +| (argy, (%q)\/arg“ (524))—(argy, (%q)/\al'gwe (324))]
" |®; (529)) = (5491 T

1 1+I®m; (329)=Om;; (224))]

; | argmj (”q)_argml- (229)|
g=1 L 27 +|(argy; v(%q)—ﬂfg%(%q)l |
n |®‘1\, (J‘q)) @‘1\ (%q)‘

1 1+1®w; (3¢4)— @m (524))]

; |argy, (3¢4)— arg\“ (524)]
g=1 | 27 FlCargy, (%q)—argmj Gl |

=Ty, Nj).

Thus, in all cases, we have

' Ufﬁj, N; ﬂgl‘j) =IT(;, f}{j).

(i1) To prove (ii), we use the same cases.

Case 1.

©m; (59) = Om; (52g) and argyy, (324) < argy;; (59)

>

LGN NN =

|®; (229) = (@n; Geg) A®; (39))]

1+I®; (520) = (©m; Geg) A®w; (329))|
argy, (»29)—(argy, (sq) Aargy ; (329))]

g=1

2+ argy, (529)—(argy, (s59) Nargy ; (32)]

O (524) — Om; (329)

| argy, (324) — argy, (>¢4)|

1 n
:n;[l

=0.

+ [®; (329) — O, (59))]

27 + | (argy, (52)

— argy, (54|

|

(©)
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|®; (529) = (@n; (32)V @ (329))
N, N 1 1+1® ; (329) = (O, (320) VO ; (524))]
LR, Uy = Do| ey o) —tarey ey vare Gy

a=1 | ZrtTargy; (eg)—(argy, Geg)Vargy ()]

B 12": I®n; (524) — O, (%) N largy, (39) — argy; (3¢)|
L+ 1@, (52g) — ©m,; Geg)| - 2 + |(argy; (¢9) — argy, (524)|

n
q=1

=0. @)
From 5 and 7, we have
COR, N ARG =T O, R UR;).
Case 2.

@m,— (%q) < @m,- (%q) and arg})ej (%q) = argy; (%q)

I©mn; (39) = (Ow; (35) A, (%))
I | THOw, Gog)— @, G A, G|
| argyy, (329)—(argyy, (32q) Nargy; ; (524))|
g=1 L 27 +| argy, (354)—(argy, ("fq)/\a-rgﬂij (529))|
|®n; (2g)—Oun; (%)
I~ | THGw,; G =G, Geg)]
= | argy, (s¢) —argy; (¢4)|
q=1 | 27+l (argy, (3<9) —argy ; (329)]

=T, N)) ®

', NN S)ij)

" [ 1®n; Geg)—(@m; (2g) VO (59))]
12 1@ (529) = (@ (359) VO ; (524))]
n o

I’(ﬂtj, N; U 5}{j)

largy; (52) — (argy, (52) Vargy ; (52))
| 27 tlargy ; (5q) —(argy, (55q) Vargy ; (32))]
u 1©n; (524)—Ow; (554)] "
1 1+©n ; Geg) =©w; (39
- ;Z largy ; (¢) —argy, (52)
g=1 L 2n+\(argmj (52q)—argy, (54)]

=T, %")). ©)

From 8 and 9, we have
(N, Ny ﬂmj) = F(m/’, N; U %j)

The proof is similar for other cases.
(ii1) The Proof of (iii) is similar to the Proof of (ii). ]

Corollary 2 Let " be a distance measure of complex fuzzy sets. Then,

() TR UR;, R UR;) =0,
(i) T NR;, % N9R;) = 0.

Proof Tt is easy to prove. O

Definition 11 A weighted distance measure of CFSs is a function I, : #*(U) x R*(U) —
[0, 1] with the properties: for any 9y, Ry, R3 € R*(U)(collection of CFSs)

(i) 0 <T@, M) < 1, Ty, M) = 0if and only if Ry = No.
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(ii) Ty, N2) = Ty (N2, NRy).
(iii) Ty, N3) < Ty My, RNo) + Ty (N2, N3).

We introduce the weighted distance measure Iy, as

|®; (29) = (%)
1 1+1®w; (3¢4)—Om ; (324)|
Fw (5“1 ) 9{]) = — Z w(] | argmi (%q)fargmjj (%q)\

n Z Wy g=1 27 +| argy, (;rq)—argmj (529)]
q=1

n

(10)

where wy is a weighted vector.

Theorem 5 The function T'y, defined by the equality 10 is a distance function of CFSs on U .

Proof The condition I'y,(R;, N ;) > 0 obviously holds true. Next consider

" [ 1®mw; () =B (329)]
: 1 1+|®m; (324) —©n ; (324)1
Fw (Sﬁia 9{/) =— Wy |argmi (%Z)fargmlj (th]q)|
ny wy |a=1 2 Targy, (eg)—argy (2|
q=1 -
1 - B! N 21
= w —_— —
" 141 27 42n
ny wy |a=!
g=1
1 - 11
= PR
ny wy [a=1
q=1
1 - 1
= n wq.l = ;
ny wy |a=!
g=1
0 < T, %) <1, and
| n |©n; (324) — O, (524) | i
TH®n, (2g)— O, ()|
Ly, Ny) = —; Wy |arg;:i (%Z)fargmi(;fq)\
n qu q=1 2+ argy, (s2q)—argy, (2¢4)]
q=1
1

n
= — > wy[0+0] | =0.
ny wy |a=!

g=1
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Condition (ii) is straightforward. To prove (iii), we have
! n |®n; (329) — Oy, (324)|
. 1+1®n; (3¢9) — @y (524) |
Loy O, M) = —— Z Wy | argy, (%Z)—a"gs)/t{k (’an

ny wy [4=! 2+ argy, (2g)—argy, (%)
B B [ 1@ (eg)—®m; () +Om; (329) =@y, (529
1 “ TH O, (o= o) O )~ )|
= Wq | argy, (52q) —argy, (”q)+arg1. (5eq)—argy, (52|
I’lzl:wq _51:1 L _27r+|argh (5¢9)— arg“ (zq)+arg\,‘ (529)— arg]‘k(%q)l
q:
B B [ 1®w; () — @n (%q)IJr\@w (529) Oy, (324 17
1 " 1+[®; (5¢9)— @»e ("fq)H’l@‘R (524) =y, (359)1
= n Wq |d1'g)e (%q) argy (%q)|+|dfg1t (524)— dl’g«uk(%qﬂ
n Xl:wq _q=1 i L 2 +| argy, (%q)—argmj (22g) |+ argy;; (%q)—argmk (529)] |
q:
B B r |©mn; (359) = (529) 177
TF G, e =G e O )Gy Gl
\@n (%q) @Nk(%q)l
1 " TF G, Gog)— O, e TF O, o)~y Gl +
< n Wq |argu (xq)—arg“ (%q)|
nqu q=1 2ﬂ+|arg‘,‘l(%q) argy;; (%,,)|+|argm (3¢4)— argﬁk(uq)l_'_
g=1 |argh (529)— afgvek("q”
L L | Zwtlargy, (2g)— arg\,‘ (zg)I+H argy ; (eg)—argy (<)l | | |
|®n; (329)—Om ; (524)| 17
1 - 1+\©m,~(%q)*@m‘j(%q)\H@mj(%q)*@uk(%q)l+
=" Wq | argg, (3e4)—argy . (324)]
n leq g=1 27 +|argy, (xq)—argm/_ (52g) |+ argy;; (32q)—argy, (5¢4)] i
q:
u 1®9; (529) =iy, (524)] n 17
1 1H®w; (29) —®n; (529) [+1©1; (524) =y, (524)]
t Wy gy, (32q)—argy, (4]
nzlwq g=1 Zn+argy, (%) — arg“ G [T argy (o) —angy, ()] |
q:

u I®w; (%,)—@:n, (529)|
1 T EARCINEN]
w
q
1

argy,; (5¢g) —argy, (52)]

- n
n) wy 4= 2m +[ argy, (s9) —argy ; (329)]
g=1
Y |®; (524) =y, (529)
1@ (529) Oy, (521
Wq largy;; (52g) —argy;, (5¢4)]
n Z wy | 9=1 2w Targy, | (eg) —argy,, )]

= Fw(fhi, Rj) + Ty, Re).
Thus 'y, (Ri, Re) < T i, Rj) + T (R, R). o

4 Application in signal processing

In this section, we will discuss a real-life application of complex fuzzy sets in signals and
systems. Especially, the complex fuzzy set explains how to get the highest resemblance of
the signal with the known signal R.

@ Springer f bMA



Novel distance measures based on complex... Page150f23 294

Table 1 Received and reference

signals Signals s P 3 N ] R
) o) sa) . ) R
x1(2) @2 (2 . . . %2 R@Q
3 x13) B B . . . %3 RO
m xi(m)  mp(m)  s3(m) . . . s(m) R(m)

We propose the following definitions utilized in decision-making algorithm taking the
idea of a complex fuzzy set into account:

Definition 12 The Mth inverse discrete Fourier transform (IDFT) coefficient of a length M
sequence {s(M)} of the signal s, (m) is defined as

M—1
1 o
s(m) = 23 @ T m g € (0,12, M~ 1),
q=0

where »(g) has different values (Selesnick and Schuller 2001).

If we restrict 5 (¢) to aclosed interval [0, 1] and tale 2 mq = argy, (), then, » '(q)é' 3rma
is called a complex fuzzy set.

Definition 13 Let sc; (m), 20(m), ..., 7,(m) be different electromagnetic signals and R(m)
be a known signal received by a particular receiver. Then, these signals can be arranged by
Table 1.

In this table, take all the signals in columns and each column contains m samples of every
signal.

Note that the samples of known signals take in the last column of the table.

To compare the similarity of the received signals with the known signal, we apply the
following method.

5 Algorithm

In the following, we develop an algorithm for the identification of receiving signals with the
known signal using the proposed concepts of complex fuzzy distance measure and complex
fuzzy weighted distance measure.

Step 1. If a digital receiver receives different signals s (m), s2(m), ..., 35, (m) from any
source. These n signals are sampled M times by the receiver. Let s;;(m) (1 = 1,2,...,n)
be the nth signal. The inverse discrete Fourier transform of s (m) is

27(q— 1)(k 27(g—Dk—1)+Bsc.q

s (m) = Z%(q) , myqge{0,1,2,...., M —1}. (11)

In Eq. 11 5/ (g)é’ %m‘f shows the membership function of complex fuzzy sets.
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We use the complex fuzzy sets in signals and systems utilizing new kinds of complex
fuzzy distance measures to identify a particular signal out of large signals detected by a
digital receiver. For this, we have a known signal R(m). The IDFT of the known signal R (i)
is

2= Dk=D+Rg

R(m) = ZR[q]e — 7, mqg=0,1,2,...,M—1. (12)
The received signals s1(m), s2(m), ..., 25, (m) can be recognized with respect to the
known signal.

Step 2.

Obtain the information about the received signals and known signals in the form of complex
fuzzy sets. Then, rearrange by the table defined in (13).

Step 3.

Compute the complex fuzzy distance measure and complex fuzzy weighted distance mea-
sure of the received signals and known signal.

Step 4.

Rank the complex fuzzy distance measure and complex fuzzy weighted distance measure
to identify the reference signal out of large signals detected by a digital receiver.

Note that the least distance measure of the received signal with the known signal shows
a high degree of resemblance.

Example 4 let us assume that the four different electromagnetic signals, 1 (m), sc(m),
s3(m), and s¢4(m) from four different aircraft Sy, S>, S3, and S4, have been received by
a radar system. Each of these time domain signals is sampled four times. Let R(m) be the
known signal. The inverse discrete Fourier transform of the signal sz, (m); m,n =0, 1,2,3
is

3

1 27 (g—D(k=1)+B3c
m(m)rZ{U[q]e R } tm.q=0,123, (13)
4
q=0
where
Ulq] € [0, 11.
Also,
3
1 27 (gD (k—1)+B;
Rm) =2y {R[q]e o } im.q=0,1,2,3, (14)
4
qg=0
where

Rlq] € [0, 1].

Now each signal is compared with a known signal to get a high degree of resemblance
with the known signal R(m).

Following steps 1 and 2 in the above algorithm, we take the particular values of amplitude
terms and phase terms to explain our proposed method (Table 2).

Step 3. Now the complex fuzzy distance measures and complex fuzzy weighted distance
measures of the received signals and known signal are calculated in the following and given
in Tables 3 and 4, that is,
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Table 2 Particular values of the

received signals and reference Signals 1 (m) »2(m) #3(m) 4 (m) R(m)
signal 0 0.6¢i137 016087 0 9pilm Lei2T Lei2m
1 0.3ei17r 0.86i2” 0.7ei0.5n OeiO.Sn lei27r
2 0.96i27r 0.461'04571 0.16”'2” O.Qeiln lei2n
3 O.SEiO‘SJT O.IEHJT O'zei2n 0'331'1‘5:1 181’2:1

Table 3 Values of the proposed distance measures

(3¢ (m), R(m)) [ (e (m), R(m)) [ (33(m), R(m)) ['(54(m), R(m))
0.54 0.66 0.57 0.49

4
|Ulg] — RIql| larg,,, —argg |
[ (o1 (m), R(m)) = @ [1 TR T T — |],

0.6—1] 1137 27|
(1+|O.671\ + 27T+\1437172T[|) +
_ 1 03-1] | |lw=2x] \ (09—l _[x—2x]
=7 | \rho3=1 T 227 —2m T109-1] T Zeipn—241) |°
10.5—1| 10.57—27|
i + (1+|o.571\ + 2n+|0.5n72n\)
- 04 , 07x 07 | L 0.1 , O
(T+72.7n)+( +37)+ (11 +37)
1.57 5
+( 12+ 3

=-1[0.294+0.26 4 0.41 +0.33 4 0.09 4+ 0 4- 0.33 + 0.43]

A~ A=

= 0.54.

B 10.1—1] 10.87 —277|
| <1+|0.171\ + 271+\0.87r7271|) +
B 0.8—1] o7 —27| 0.4—1] 10.57 27|
L2 (m), R(m)) = 1 <1+\0.871| + 2n+|27‘[727r\) + <1+\0.471| + 2n+\0.57‘t72n|> .
0.1—1] 27|

i + <1+|o.171\ + 271+\17172n|)

(09 |, 1.2 02 , 0. 1.5
(T*’ﬁ)"‘(ﬁ"‘ﬁ)‘F( 6+35§):|

09 , L ’

+ (15 +37)

FNI

1
=7 [0.47 +0.3840.174 04 0.38 4-0.43 4 0.47 + 0.33],
= 0.66.
similarly,

T (Ges(m), R(m)) = 0.57,
T Gea(m), R(m)) = 0.49.

If the weighted vector w = (0.2, 0.3, 0.2, 0.3) is assigned to each sample of the signal,
then the complex fuzzy weighted distance measure is
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Table 4 Values of the proposed weighted distance measures

[y (521 (m), R(m)) [y (322 (m), R(m)) [y (323(m), R(m)) [y (324 (m), R(m))
0.14 0.16 0.15 0.14
|Ulg]=RIq]|
1 - T, (2O Ge)] T
Ty (a1 (m), R(m)) = —; Wy | Jargy, (o) —argy, (o)l
ny wy [4=! 2+ argy, (5q) —argy, (>29)]
q:
B 0.6—1 137 27|
| 0.2) (1+\0.67I| + 27r+||74r371f27r|) +

_ 10.3—1] |l =27 0.9-1] |27 —27]

=2 0.3) (1+\0A3—1| + 2n+|ﬂl47rf2n\) +(0.2) (1+\0A9—1| + 2n+j|12nj2n\> ,
10.5—1] 10.57 27|

i +(0.3) <1+|04571| + 2n+\07.157rj2n\)

B 0.4 0.7 0.7 1. 0.1 0.

1[02) (33 +5Z)+03) (97 + 32) +0.2) (%1 + §%)

3 +0.3) (3 + 432)

s

1] (0.2)(0.47 +038) + (0.3)(0.17 + 0)+
4| (0.2)(0.38 + 0.43) + (0.3)(0.47 + 0.33) |’

10.61] |1.37 2|
' 0.2) (]+|0.6—I\ + 27T+H.371727T|) +
_ 0.3-1] w—2n| 10.9-1] |27 —2x|
T Ge1 (m), Rm)) = 773 (0~3)(1+|o.3—1\ + 27T-H1.7T—271|> +0.2) <1+|o.9—1\ + 2n+|2n—2n\) :
10.5-1] 10.57 27|
+(0.3) (1+\0.571| + 2n+|0.5n72n|)

1 [ (0.2)(0.47 + 0.38) + (0.3)(0.17 + 0)+ ]

T 4| (0.2)(0.38 + 0.43) + (0.3)(0.47 +0.33)
1
e 1(0.623) =0.16.
Similarly,
[y (5e3(m), R(m)) = 0.15,
[y (524(m), R(m)) = 0.14,

Step 4. Using Eq. 5 the rank of the distance measures of the received signals and the known
signal is

['(e2(m), R(m)) > T (33(m), R(m)) > I'(Ge1(m), R(m)) > I'(3e4(m), R(m)). ~ (15)

From the rank of distance measures, we conclude that the signal »4(m) has the least
distance measure. Thus, the signal »4(m) shows a high degree of resemblance with the
known signal R(m).

Also, using Eq. 10, the rank of the distance measures of the received signals and known
signal is

['(3e1(m), R(m)) > I'(53(m), R(m)) > I'(5e4(m), R(m)) > T'(32(m), R(m)).  (16)

From the rank of weighted distance measures, we conclude that the signal >z (m) has the
least weighted distance measure. Thus, in this case, the signal sz (m) shows the high degree
of resemblance with the known signal R(m).
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6 Comparison analysis

In this section, we discussed the comparison of the proposed distance measures of complex
fuzzy sets with the Zhang distance (Zhang et al. 2009), Hamming distance (Alkouri and
Salleh 2014), and Normalized Hamming distance.

Note that our proposed distance measures are different from all the distance measures that
exist in the literature.

(i) The proposed distance,

1o |: @, (529) — O, (52)] | argy, (¢4) — argy,, (521 j|

', M) =-—
v n; L+ [®m; (5g) — O Geg)| 2 + | argy, (359) — argy (32|

17)
(ii) The Zhang distance,

. 1
['(M;, M) = max |: sup |®w; (559) — O, (31, 5, Sup | argy, (5¢4) — argy, (%q)|:| .

»y€U €U
(18)
(iv) The Normalized Hamming distance,
1| < 1 ¢
O ) = 2 | DO, () = O, ()| + 5D largy, (7g) — argy, ()] |- (19)

g=1 g=1
(iii) The Hamming distance,

, 1| < 1 o
L) = 5 | IO, Grg) — O, G| + 5 ) largy, () — gy )] | - (20)
g=1 g=1
Using Eq. 18 the values of the distance measures of the received signals and known signals
are given in Table 5.

i 1
(e (m), R(m)) = max | sup |®w, (359) — Oun; (59)1, 27 Sup | argy, (5¢4) — argy, (%q)|i| ,
_%qEU v €U

1
= max |1—0.3|,—|0.5n—2n|],
L 2

=max[0.7,0.75] = 0.75.

1
I (ea(m). R(m) = max | 0.1~ 1], 5—[0.57 — 2n|i| ,
g

= max [0.9,0.75] = 0.9.
Similarly,

['(3e3(m), R(m)) = 0.9,
['(e3(m), R(m)) =1,

From Table 5, we conclude that sz (m) shows a high degree of resemblance with the
known signal R(m).
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Table 5 Values of Zhang distance measures

[ (521 (m), R(m)) [ (52(m), R(m)) (323 (m), R(m)) [ (524 (m), R(m))

0.75 0.9 0.9 1

Table 6 Values of Normalized Hamming distance measures

[ (521 (m), R(m)) [ (32 (m), R(m)) [ (33(m), R(m)) [ (54 (m), R(m))

0.42 0.56 0.47 0.41

Using Eq. 19, the values of the distance measures of the received signals and known signal
are given in Table 6, that is,

1

L Ga(m), R(m)) = -~

n n
1
D1 G2g) = O, Geg)| + 53l argy, () — argg, (<)) |
g=1 g=1

1 [ (10.6 — 1] + 5= 1.3 — 27]) + (10.3 — 1| + 5= |17 — 27]) ]

— T T
24 L+ (109 = 1]+ 2127 —27]) + (10.5 — 1] + i|0.5n —27)

2
1

= 3 [04+0354+07+05+0.1+040.54+0.75],

= 0.42.

1
[(Ge(m), R(m)) = ——

[ (10.1 = 1] + 5=10.87 — 27]) + (/0.8 — 1| + 5|27 — 27]) }
2(4) '

+(10.4 — 1] 4+ 5-10.57 — 27[) + (|0.1 — 1] + 5= |17 — 27
1

=5 [09+06+02+0+06+0.75+0.9+0.5],

= 0.56.

Similarly,

I'(253(m), R(m)) = 0.47,
['(224(m), R(m)) = 0.41.

From Table 6, we conclude that sz4(m) shows the high degree of resemblance with the
known signal R(m).

Similarly, the Hamming distance defined in (5.4) can be applied to the problems in signals
and systems.

Comparison Table

Table 7 contains the values of the proposed distance measure and the existing distance
measures. It is clearly seen that the values of the proposed distance measure are smaller
than the values of the existing distance measures. From this, we conclude that our proposed
distance measure is more better than the existing distance measures.
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Table 7 Comparison Table

[ (52(m), R(m))

[ (523(m), R(m))

[ (524 (m), R(m))

r LGy (m), R(m))
Proposed DM 0.14
Zhang DM 0.75
Hammin DM 0.42

0.16
0.9
0.56

0.15
0.9
0.47

0.14
1
0.41

7 Conclusion

In this paper, we introduced the partial order relation on complex fuzzy sets. We defined
the complex fuzzy maximal, minimal, maximum, and minimum elements based on the par-
tial order relations. We proposed new distance measures such as complex fuzzy distance
measures and complex fuzzy weighted distance measures. We established some particular
examples and basic results of the partial order relations and distance measures. Moreover, we
utilized the complex fuzzy sets in signals and systems. We proposed a new decision-making
algorithm under the complex fuzzy environment, based on the complex fuzzy distance mea-
sures and complex fuzzy weighted distance measures for applications in signals and systems
by which we determined the degree of high resemblance of signals to the known signal.
Further, we studied the comparative study of the proposed distance measures with the Zhang
distance measure, Hamming distance measure, and Normalized Hamming distance measure
and proved that our proposed distance measure is more significant than the existing distance
measures because the values of the proposed distance measure are smaller than the values of
the Zhang distance measure and Hamming distance measure.

In future, we will use the proposed distance measures for interval-valued complex fuzzy
sets, complex neutrosophic sets, complex Pythagorean fuzzy sets, complex intuitionistic
fuzzy sets, etc., to improve the quality of the research works.
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