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ABSTRACT

A bipolar single-valued neutrosophic set can deal with the hesitation relevant to the information of any decision
making problem in real life scenarios, where bipolar fuzzy sets may fail to handle those hesitation problems. In
this study, we first develop a new method for solving linear programming problems based on bipolar single-
valued neutrosophic sets. Further, we apply the score function to transform bipolar single-valued neutrosophic
problems into crisp linear programming problems. Moreover, we apply the proposed technique to solve fully bipolar
single-valued neutrosophic linear programming problems with non-negative triangular bipolar single-valued
neutrosophic numbers (7BS,NNs) and non-negative trapezoidal bipolar single-valued neutrosophic numbers
(T,BS,NNs).
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1 Introduction

The origin of linear programming is the 1940s (World War II). Linear programming (LP) has
a linear objective function and a group of linear equalities and inequalities. LP was first used in
petroleum manufacturing. Well elaborated data with much information is used for LP problems.
On the other hand in real life problems the accuracy of data is often deceitful and affects the
optimal solution of LP problems. Probability distribution cannot transact with inaccurate and
unclear information.

In 1965, Zadeh [I1] introduced fuzzy sets to handle imprecise information. Atanassove [2]
gave the concept of intuitionistic fuzzy sets. The intuitionistic fuzzy sets consider both truth-
membership and falsity-membership. Intuitionistic fuzzy sets can only handle incomplete informa-
tion and not the indeterminate information and inconsistent information which exist commonly

in the belief system. In 1998, Smarandache [3] presented the notion of neutrosophic set theory.
Smarandache [3] and Wang et al. [4] defined a single-valued neutrosophic set which takes the
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value from the subset of [0, 1]. Deli et al. [5] introduced the concept of bipolar single-valued
neutrosophic sets as an extension of bipolar fuzzy sets [6].

Bellman et al. [7] first introduced the concept of decision making in a fuzzy environment.
Zimmermann [8] proposed the fuzzy programming technique to solve the multiobjective linear
programming problem under a fuzzy environment. Tanaka et al. [9] studied fuzzy-mathematical
programming. Lotfi et al. [10] discussed full fuzzy linear programming (FFLP) problems in which
all parameters and variables are triangular fuzzy numbers. They used the concept of the symmet-
ric triangular fuzzy number and introduced an approach to defuzzify a general fuzzy quantity.
Allahviranloo et al. [11] suggested a method to solve FFLP problems by using a ranking function.
Veeramani et al. [12] suggested a method to deal with a kind of fuzzy linear programming (FLP)
problem involving symmetric trapezoidal fuzzy numbers. Kumar et al. [13-15] worked on fuzzy
linear programming by using non-negative and unrestricted variables to find optimal solutions of
FFLP problems. By using trapezoidal fuzzy numbers Behera et al. [16,17] presented a new method
to solve linear programming (LP) problems. Najafi et al. [18,19] proposed an efficient technique
for solving FFLP by using unrestricted parameters and variables. Moloudzadeh et al. [20] sug-
gested a simple method to solve an arbitrary fully fuzzy linear system. Akram et al. [21] proposed
a method to solve LR-bipolar fuzzy linear systems. Mehmood et al. [22] suggested a method to
solve fully bipolar fuzzy linear programming (FBFLP) problems by using non-negative bipolar
fuzzy numbers and unrestricted bipolar fuzzy numbers with equality constraints. They transformed
FBFLP problem into a crisp linear programming problem and achieved the exact bipolar fuzzy
optimal solution.

Intuitionistic optimization is an extension of fuzzy optimization. Garg et al. [23] used an
Intuitionistic fuzzy optimization method for solving reliability optimization problems in interval
environment. Angelov [24] worked in an intuitionistic fuzzy environment. Many researchers solved
intuitionistic fuzzy linear programming (IFLP) problems by using triangular intuitionistic fuzzy
numbers [25-29]. In an interval-valued intuitionistic fuzzy environment, Bharati et al. [30] gave
the solution of multiobjective linear programming problems. Parvathi et al. [31] proposed linear
regression analysis in an intuitionistic fuzzy environment and also worked on intuitionistic fuzzy
linear programming [32].

The first contribution of neutrosophic linear programming theory was studied by Abdel-Basset
et al. [33]. They introduced the neutrosophic linear programming (NLP) models in which the
parameters are presented with trapezoidal neutrosophic numbers (7,NNs) and presented a tech-
nique for solving them. Das et al. [34] worked to solve NLP problems by using mixed constraints.
Bera et al. [35] proposed the Big-M simplex technique to solve NLP problems. Edalatpanah [36]
proposed a new direct algorithm for solving the LP problems including neutrosophic variables.
Hussian et al. [37] proposed LP problems based on neutrosophic environment. Khalifa et al. [38]
suggested a method to solve NLP by using single-valued neutrosophic numbers (S, NNs). Recently,
Akram et al. [39,40] have presented new methods to solve Pythagorean fuzzy linear programming
problems.

In this paper, we are going to extend the NLP problems into bipolar single-valued neutro-
sophic linear programming (BS,NLP) problems in which all the coefficients, variables and right
hand side are represented by bipolar single-valued neutrosophic numbers (BS,NNs). The fully
bipolar single-valued neutrosophic linear programming (¥BS,NLP) problems are superior to crisp
linear programming (CLP) problems and up to our knowledge, there is no work in literature
on FBS,NLP. The BS,NLP problems are more appropriate to avert unrealistic modeling. This
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is unique research that deals with LP problems in a BS,N environment with 7BS,NNs and
T,BS,NNs. Score function is used to convert BS,NNs to CLP problems.

This paper has been categorized as follows: In Section 2, basic concepts of BS,Ns, TBS,NNzs,
T,BS,NNs and their arithmetic operations are discussed. In Section 3, methodology for solving
FBS,NLP problems are explained. In Section 4, some examples and practical models are solved.
In Section 5, comparative analysis is depicted and conclusion is given in Section 6. The list of
acronyms used in the research paper is given below:

BS,NN Bipolar single-valued neutrosophic number

TBS,NN Triangular Bipolar single-valued neutrosophic number
T,BS,NN Trapezoidal Bipolar single-valued neutrosophic number
LPP Linear programming Problem

FFLP Fully fuzzy linear programming

2 Preliminaries

Definition 2.1. [5] Let X be a non-empty set. A bipolar single-valued Neutrosophic set B in
X is an object having the form

B={<x,T*(x), " (x), F*(x), T~ (x),]” (x), F~ (x) = x € X}, (D

where T7(x), IT(x), Ft(x): X — [0,1] and T~ (x),I"(x),F(x) : X — [—1,0]. The positive mem-
bership degree T (x),I"(x), FT(x) denotes the truth membership, indeterminate membership and
falsity membership of an element x € X corresponding to a bipolar neutrosophic set B similarly
negative membership degree 7 (x),/ (x), F~(x) denotes the truth membership, indeterminate
membership and falsity membership of an element x € X to some implicit counter-property
corresponding to a bipolar neutrosophic set B.

Definition 2.2. Based on [15], we define a TBS,NN defined on R
B == P: N == ([aia bia ci]; Xpa ﬁp’ {p): ([eiaﬁa gl]a U, 90}’15 v}’l) > (2)

is said to be non-negative TBS,NN if and only if ¢; >0 and ¢; > 0. where i=1,2,3 such that g¢; <
bi < ¢; similarly e; < f; <g; also xp,Bp, ¢y €[0,1] and oy, py, v, € [-1,0]CR.

Definition 2.3. Based on [15], we define a 7,BS,NN defined on R
B =< PaN =< ([aia bia cia dl]a X]?a ﬂpa é‘[)) 9 ([eiaﬁa gia hl]a C(I’l’ (pna Un) > (3)

is said to be non-negative 7,BS,NN if and only if @¢; >0 and ¢; > 0. where i =1,2,3 and «; <
bi <c¢; <d; similarly e; < f; <g; < h; also xp,Bp. ¢y €[0,1] and oy, v, € [—-1,0] CR.

Definition 2.4. [30] Let M =< (T (x),I7(x), F(x), T~ (x),I " (x),F~(x)) = be a BS,NN then
the score function is presented by:

(M) = é(Tﬂx) 1T+ 1 -Fr ) +14+T (x) =1 (x) —F (x)). 4)

Definition 2.5. Based on [41], we define a BS,NN on R is a BS,N set such that:
B =< ﬁ: N == ([ala bl: €1, dl]a Xp)a ([a25 b2: 2, dZ]a IBp)a ([613, b35 c3, d3]5 {p): ([ela.flagla hl]: ai’l)a (5)
([625f25 g25 h2]5 Qan); ([33,f3, g35h3]5 v}’l) > (6)
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where x,, By, ¢p €[0,1] and ay, ¢p, v, €[—1,0] CR whose true membership values are given as:

Sh(x), a1 <x<b, ULh(x), e1<x<fi,

, by <x=<c, oy, 1 <x<g,
Ty=1" Trw= |t S=rse

Sr(x), ¢ <x=d, Ur(x), g1 <x<h,

0, otherwise. 0, otherwise.

SlT(x) and Up(x) are continuous and non-decreasing functions satisfying the following
conditions: SlT(al) = O,SlT(bl) = Xxp, and UL(g1) = ap, Up(h)) =0, while §%(x) and UlT(x) are
continuous and non-increasing functions and satisfying the following conditions:

Sh(e1) = Xp> S’T(dl).z 0, UlT(e!) =0, UlT(fl) = oy, where x, €[0,1],a, € [-1,0]. The indetermi-
nacy membership functions are given as:

Sh(x), ay<x<b, Ul(x), ex<x<f,

, by <x=<cy, , ) <x<g,
Sp(x), 2 =<x=d, Ur(x), g =<x<hy,
1, otherwise. -1, otherwise.

S7(x) and U}(x) are continuous and non-decreasing functions satisfying the following
conditions: S7(c2) = By, S(da) = 1, Ul(er) = —1, UL(f2) = gy,
while Sﬂ(x) and Uj(x) are continuous and non-increasing functions and are satisfying the follow-

ing conditions: Sﬂ(az) =1, Sﬁ(bz) = Bp, Uj(g2) = ¢, Uj(ho) = —1, where B, €[0,1], ¢, € [-1,0]. The
falsity membership function are given as:

Sh(x), a3 <x<bs, UL(x), e3<x<f3
, by <x <c3, Vs <x<gs,
Fro) = &p 3 3 =] f3 g3
SE(x), 3 =<x=ds, Up(x), g3=<x=hs,
1, otherwise. -1, otherwise.

S(x) and va(x) are continuous and non-decreasing functions satisfying the following
conditions: S%(c3) =&y, Sk(d3) =1, U}(eg) =-1, U}(fg) =y,

S}(x) and Up(x) are continuous and non-increasing functions and are satisfying the following
conditions: S%(a3) = 1, Sk(b3) = £y, Uk(g3) = vy, Up(h3) = —1, where ¢, €[0,1],v, €[-1,0].

Some useful information are given in Eqs. (1)—(6).
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Definition 2.6. Based on [41], we define: If [ay,b1,c1,d1] = [an, b2, ¢2,db] = a3, b3, c3,d3] and
le1.f1,g1,h1] =lea. f2, 22, ha]l =e3, /3, g3, h3], then the BS,NN is reduced to a 7,BS,NN as:

(1) B:< PaN == ([alablacladl];xpa ﬁp’ {p) s ([elaﬁaglahl];ana (pl’la v}’l) >
() B=<P,N ==< ([a1,b1,d\]; xp Bp- &p) » [e1./1, h1]; Cn, @n, vy) = is called a TBS,NN if and
only if b1 =c¢; and f1 =g1.
Definition 2.7. Based on [42], we define a TBS,NN defined on R denoted by:
B =< PaN =< ([ala bla Cl]; X]?)a ([GZa b2a CZ]; 13]7)’ ([03, b3a C3]; Cp)a ([elaflagl]; an)a

([625f25 g2]5 §0n); ([e3af35 g3]5 v}’l) >
whose truth, indeterminacy and falsity membership functions are presented by:

X —aj X —e]
, <x<b, , =x=/1,
bl_al)(p ar <x=<0bj fl—elan €1 =X fl
o _ — N _
T O=10"2, b<xza, O=18"", f<x<g,
c1 — by g1 —h
0, otherwise. 0, otherwise.
by—x)+B,(x—a - -
(ba =) + Bp(x —az) i <x<by, (h=x) +enlx ) e <x <.
by —ay fH—e
+ = _b - - = - -
Ip (x) (x 2) + Bplca )C)’ by <x <o, I (x) (x—/2) +on(g2 X)’ H<x<g,
¢y — by g~/
1, otherwise. -1, otherwise.
(b3—x)+§17(x_a3), a3 <x <bs, (fg—x)-i—v,,(x—eg)’ e3 < x <f3,
by — a3 fi—e3
+ _ _ _ — _ — —
Fp x)=1 b3) + &p(es X)’ by <x<cs, F, (x)= (x—f3) +vn(g3 )C)’ fi<x<g,
c3 —b3 &3 _f3
1, otherwise. -1, otherwise.

where x,, By, ¢p €[0,1] and ay, ¢y, vy €[—1,0] CR.
Definition 2.8. Based on [42], we define 7,BS,NN defined R denoted by:

B=<P,N >=<([a1,b1,c1,d1); xp)> (@2, b2, 2, a); Bp), (a3, b3, €3, d3]; &), ([en i, €1, 1] ),
([625f25 g25 h2]5 §0n); ([33,f3, g35h3]5 v}’l) >
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whose truth, indeterminacy and falsity membership functions are presented by:

X —a xX—e
—Xp, a1 <x=by, oy, €1 <X =/,
by —ay ™’ fi—er
. Xp> by <x<cy, oy, Si<x<gi,
T, (x)=; T, (x) =
! di—x <x<d ’ h = x <x<h
- Xp> l=x=day, Uy, g1=xXx=n,
dy—c;”’ hi—g1 "
0, otherwise. 0, otherwise.
by —x)+ B,(x—a —Xx xX—e
(b2 Zz_ﬂi 2), a) <x <b, (2 };—_(p:z( 2), e <x<f,
By by < x<c, @ns fr<x=g,
O et - = et gulin -
xX—c —X X — —X
Zdz—zz 2 , <x=<d, gzhz_(p;z 2 , & =<x=hy,
1, otherwise. -1, otherwise.
b3 —x)+ ¢ (x—a —X)tv,(x—e
(3 ;3_%12 3), az < x < bs, 3 ;3_2; 3), e3 <x<fs,
;pa b3 SXSC3, Vn, f3 Sxfg?)a
Ff ()= Fy(x) =1
(X—C3)+§p(d3—x)’ 3 <x<ds, (X—g3)+vn(h3—x)’ s<x<l,
d3 —c3 h3 — g3 &
1, otherwise. -1, otherwise.
where xp, By, ¢p €[0,1] and ay, ¢y, v, €[—1,0] CR.

Definition 2.9. Let
A=< ([alabla c,dil; X,}) : ([az,bz, Czadz];ﬂ,b : ([a3,b3, ¢3,d3]; C,,l) ; ([04,54, C4,d4];0411) ;

([05,55, Cs,ds];¢,11> , <[a6,b6, cs, dg]; v,%) > and
Ay =< ([el,fhgl,hl]; X,%) ; ([ez,fzagz,hzlsﬁ,%) : ([63,f3,g3,h3]; §,,2) ; ([64,f4,g4,h4];06,%> ;

([esafsagsahs];%%) , ([66,f6,g6,h6]; vﬁ) >
be two non-negative 7, BS,NNs, then
(1) Ay @ Ay =< <[611 +en,bi+fi, e+ di+ml; x, /\Xﬁ),
<[dz +e,ba+ /204 g2, da+hals By v ,3,%) )
<[a3 +es, b3+ /34 g3, ds + Il g, v sz) . (laa + €4, ba + fa, ca+ g4, da+ hal; o,
([as +es,bs+/5.¢c5+gs.ds+ hsl; b Aga) . ([as + e, be + ., c6 + 6. do + hol; v AVE) =

va?),
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Q) 4104, =< <[a1 —hi, by —gi,c1 = fi,di —els xp /\X,%),
([az —hy,by—g2,c2 = fa,dh —ea]; B, V ﬁ,?) ;
<[a3 —h3,b3 —g3,¢c3 — f3,d3 — e3]; Cpl \ ;“,,2> ,([as — ha,bs — g4, ca — fa,ds — es)s o} v i),
(las — hs,bs — gs, cs — f5,ds — es);or A@?), (las — he, be — 6. ¢6 — fo. d — eql; vy AVE) > .
< ([alel,bu‘l, c1gr, dihl; x, A X,?) ; ([azezabzfz, 22, daha]; B, Vﬂ,%) ,
3) Ai@dr= ([0363,b3f3, 383, s gy v sz) , ([asea, bafa, caga, dahal; oy v )

([ases, bsfs., csgs, dshs]; o) A @2) . ([ases. befs. coge, dehel; vy A V) =

For other notations and applications, readers are referred to [43-45].

3 Methodology

887

In this section, a new method is presented to find the non-negative bipolar single-valued
neutrosophic optimal solution of FBS,NLP problems with equality constraints, in which all the

parameters are represented by non-negative BS, NNs.

n
Maximize/Minimize Z 5]-H ® )EjH ;
J=1

subject to

Zal] ® X; =b~ Vi=1,2,3,....m

where ¢, all, pH

s by and )?H are non-negative BS),NNs.

Step 1. Assuming ¢ C ==<(s5, 7, uil; x> ([S > L ] By, ([S t u l; &), (v, wjs rils o), ([ ”] ®j),

([v/'la WJ/'/a J/'/]: v]) >_5
~H =< ([xjayjaz]]a(p])a ([xj/ayjlazj/]a yj)a ([x/layja ]] 7’)]) ([gjahjak] 0) ([g],h/ k/] Kj)a
<[g;:h;',k;'] ) >,

1 _< ([dljaelja.fl]]aglj)a ([dl/]’el]’ l]] sz) ([dl/]/’ ;]/’ //] E]) ([mljanljapl]] OU) ([mljanljaplj] Ll]):

()

bH =< ([bi, cidili€p), (b}, ¢, diliep), (b}, ¢}, di'l: ), (ew fis 11l 8p), (ein f s 611 0, e}, S 6 w)) =, the

FBSVNLP problem (7) can be transformed as follows:
Z =1 < ([S]at]au]] X]) ([ ]a ],U] :B]) ([S//a U ] ;]) ([V], W]ar]] C(]),

Maximize/Minimize | ([vj, w}, 1/l @), (V7 wisri T vp) = ® < (1%, 37 2189, (%3 V3 231 ) | 5

([x/layja ]] 7’)]) ([gjahj;k] 0) ([g],h/ k/] Kj) ([gj 5hj//akj//] Tj) >

®)
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subject to

n
Z < ([dij. €. f): &) (s €5, [ Vi) (s € 1371 Tip)s (Imigs miga pili o) ([, iz Pl i),
j=1
([, i, pds i) > @ < ([x5, s 21 )5 ([ V3 27 vp)» (07 05 5 271 mp) s gy By K 6))
(L), 1, K% 1), (L] I K ) >
=< ([bi, ci, dil; €)), (b}, ¢, d]];€)), (b}, ¢ . d]']; ). (ein fi, t:); ), (el f7, 61: 0), ([€f . [ £ s ) >,
Vi=1,23,....m.
where < ([, 3> 2/ 8 (15 V3> 278 v (155 975 271 mp) (Lgjs By Ky 6)),
(g, 1}, Ks 1)), (g}, 1] K}, 7j) > are non-negative TBS,FN, Vj=1,2,3,...,n.
Step 2. Using product of non-negative BS,NNs (2.9) and assuming
< (i e fili &) (o € £ W) (i € f311: Ty, (i g, pigls o) (Il g, plgls i),
([, mi, s i) > ® < (%7, 37 27 8)s (X 5 230 v)s (X7 375 27 T ) ([ By K15 6),
(g . i) (L8] B KT ) >
=< (U €5 fj1: 5.1 ). (il g ). QS T . ey il ).
Uy, Lty o), (O oy g A7) >
The FBS,NLP problem (8), can be transformed as follows:
i1 (< (s s il x)s (5 6o w0); By, (I57 5 27 w15 6), (Lo wis 15; 02,
Maximize/Minimize | ([, 1) @), (/) > @ < (D0 70 (o2l |5 @)
7 2, (L7 his 1)), (8 1 K ), (811 KT ) )

subject to

n
> (< (dj € f71: 85 A b)) (i € [ 1 WiV s (- €] S Ty v mp). ([l s pigli oV 6),
j=1
(g g il A 1), (O s g i Js iy A ) >
=< ([bla Ci, dl]’ E])a ([b;a C;', dz/]a 8])3 ([b;/, C;-/, dl”]’ (b])’ ([ei,ﬁ, tl]a 8])’ ([e;’ﬁ/’ t;], Q]), ([e;/,f;-”, t;/]’ Cl)]) -,
Vi= 1a2,3,...,m.
where < ([x;, 35, 21 0p), (%), v, 231 v, (5], 37 27T m)), (Lgjs s K51 60)),

(g} 1, k) ), ([g], 1}, k1, 7)) > are non-negative T'S,BFN, ¥j=1,2,3,....n.
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Step 3. Using arithmetic operations (2.9), above problem becomes:

Z] (= Asj 4, usls x5, ([s /, : “] B, ([S” J/’ J] &), (vjs wj, ril; &),

Maximize/Minimize ([V s Wi T 7’] (P]) ([ Vis W] s ”]] V]) Q< ([xjsyja Z]] ¢j) ([

subject to
X1 dy= b
Z]n:1 e;-j =,
21 =dis
NEij A bl =€,
S dy=b,
Z] 1 e =0
ity =d
VIV Vvyl=¢j,
Sor dif = .
Soey =,
Y-t =dy,

VIV il = ¢,

x>0, yj—x;>0, -3;20, x;=0, y;—
0, k}’—h}’zO, vi=1,2,3,...,n
and (bj, Vi Nj € [O, 1],(9]',16]', Tj € [—1,0].

J

Izl |

2. gy by kgl 09 (e KL, (L) ) ) =)

Z]r'l:lm;'jzei’
Y1 my =1
Zjn:lp;] = tia

\/[Ol'j Vv 9]'] = 5]',

djmmy=e
Z/ 1n//_ 1/’
Z'le;]_tl’

Altij A kil = o),
Sy =,
Z] 1”2,” fl”’
Ymry =t

N A gl = wj,

/ / /
> . — ). >
xJ_O, - yJ_O,
/
g =0,

(10)

x! >0, yj/.’ —x]’-/ >0, z/—

’ ’ / ’ /1 // //

Step 4. By using score function (2.4), the neutrosophic optimal solution of the FBS,NLP
problem can be obtained by solving following CLP problem:

Maximize/Minimize [v

S(Zj 1(<(S]atjauj] Xj)s ([s /5 /,u] Bj), ([

1’ 1] ¥, ([

W) = ® < (07, 7 21 8. ()

Jla ]] ;]) ([VJ,VV],}"]] Ol]),

2. | an

([ 'ayja ]] 7’)]) ([gjahjak] 9) ([g]:h/akj/]akj)a([ //5hj//;kjﬁ] T]) >))
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subject to:
Sy dy= b
2;1:1 e;-j = Ci,
Y1y =di
NEij A dil=¢€j,
Z}?:l dij = b},
S e=c
ity =4
VIV vyl =e,
S dy =8,
e =,
Sty = df

VI vl = ¢,

Z,"Ll mij =¢i
Y= =fi
ZJ’?:]P;-J- =1l
Vloy Vv 6] =),
Z}?:l mij/ =},
Z]nzl l’l;]/ = l'/a
1P =1
/\[Lij A\ Kj] =0j,
Sy =/,
2;1:1 n;;/ — i//’
S =,

Al A gl = wj,

CMES, 2021, vol.129, no.2

20, y—x;=0, z—y;=0, x>0, yi—x>0, z;—y;>0, x/>0, y/—x/=>0, z/—
Vi=0, g=>0, h—g=>0, ki—hj>0, g>0, h—g;>0, ki—h;>0, g/>0, h/l—g/>
0, ki—h{>0, Vj=1273,...,n
and (f)j, Vi, Nj (S [0, l], 9]', Kj, Tj (S [—1, 0]

Step 5. Solve the crisp LP problem (11), to find the optimal solution < ([x;,y;,z]; ¢),
([XJ/: yjla Zjl]a yj)a ([XJ//a yj//a Z]”]a 77]): ([gja hj; k]]; 0]): ([gjla hj/; k]/]’ K])a ([gj//a /’l]”, kj//]a Tj) >,
Vi=1,2,3,...,n.

Step 6. Find the bipolar single-valued neutrosophic optimal solution x}* of FBS,NLP problem
by putting the values of ([x;, 1,21 ¢), (X}, ¥}, Zi) v). (IX], v 2L mp). (g s ks 6)), (g B KoL k),
(&, 1 kiLm) in xf =< (x5 05 218, (x5 v} 71 v, (7 7 2 ) (g by ks 6p), (18 By Kl k),
(g}, 1} kT 7). >~
Vi=1,2,3,...,n.

Step 7. Find bipolar single-valued neutrosophic optimal value by putting the values of x;*
. . . ~H ~
obtained in Step 6, in Y, .7 @ %/

Thus, we state the existence condition for the optimal solution of bipolar single-valued
neutrosophic LPP in the following Theorem:
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Theorem 3.1. The solution of FBNLP problem

Maximize/Minimize
n
Z=ZCJ-H®XJ-H; subject to ZAH@)XH—BH vVi=1,. (12)
j=1 j=1

X]-H are non-negative TBNNs and Aé{ , CH BH are TBNNs exists, when the solution of the

associated crisp LPP

Maximize/Minimize
SO2I (= @ 17100 370 (i L1 B (L8] 21 ). ([ i i ),
$(Z) = | O wh L ep, O] wirflv) = © < (13,37, 28, (X Vi 2L v, |
(.57 2/, (g by kil ), (gl W K7L 7). (L) B K ) >))
subject to
Yiadp=bi,  Yiiey=c, i fp=di Y di=bi,  Yiljep=c, i fi=d
Yidy =bi,  Yijef=c, YL fi=d],
NEgAdl=¢,  VIVyVvyl=e, VI Vl=4;,
Yimimy=en  Ynmg=fi  Xiapp=t,  Xgamp=e,  Yiamp=fi,  Yiipj=tlp
Sjmy =els Ty =f Thpy =i
VloyVvoil=38;,  Alyjnkil=0j,

Nwij A 7l = @y,

=0, yj—=x;20, z—-y;=0, x;>0, y;i—x;>0, z—);>0, x/>0, p/—=x/>0, z/—
vjz0, g=0, h—g=0, k—l=0, g=0, h-g=0  k-h=0 g=0 h-g'=>
0, ki—h/=>0,¥j=12,3,...,n

and (f)j, Vi Nj € [0, 1], Qj, Kj, Tj € [—l, 0]

Vi=1,...,m exists. Otherwise, there is no guarantee that the bipolar single-valued neutrosophic
optimal solution exists.

Proof. Straightforward.

4 Numerical Examples

In this section, we present numerical examples and models to illustrate the methodology given
in Section 3.
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Example 4.1. Minimize < ([2, 3, 5];0.7), ([2,6,8];0.3),([2,5,7];0.2), ([3, 5, 6]; —0.7), (|3, 4, 6]; —0.1),
([3,4,8]; —0.2) = ®%1® < ([3,6,9];0.8), (13, 5,8];0.2), ([3, 6,8];0.3), (2,3, 7]; =0.8), ([2, 3, 6]; —0.2),
(2,4,7]; —0.3) = ®3;
subject to
<([1,3,41;0.9), ([1,4,5];0.1), (12, 3,4];0.2), ([2,4,9]; —0.9), ([3, 5, 7]; —0.2), ([3, 4, 5]; —0.3) > ®
@ < ([4,5,6]:0.8), ([4,5,71:0.1), ([4,6,7]:0.2), (5,6, 7]; —0.8), ([5, 6, 8]; —0.2), ([4, 6,9]; —0.1) = ®x>
—< ([23,50,76];0.7), ([23,59,98];0.2), ([24, 54, 80]; 0.3), ([24, 42, 105]; —0.7), ([23,40, 113]; —0.3),
([19,48,98]; —0.4) >,
< ([0,4,9];0.9), ([0,2,8];0.3), ([1,4,7];0.2), ([2, 6, 8]; —0.8), ([2, 5, 9]; —0.3), ([1, 6, 8]; —0.2) > @
@ < ([3,4,8]:0.8), ([3,5,91:0.2), ([3,6,7]:0.3), ([1,2,3]: —0.9), ([2, 3,4]; —0.3), ([3, 5, 7]; —0.2) = ®
—< ([15,48,127]:0.7), ([15,47, 1371;0.3), ([17, 58,98];0.3), ([8, 28, 74]; —0.7), ([10, 25,95]; —0.3),
([13,48,105]; —0.2) >,
where X1 =< ([ky1, l1,m1]; x1), (k. 1, m 1 BD, (K], 1, m{]; 20, ([n1, 01, p1ls ), (7], 0, P11 01),
([}, 0], p{l;v1) > and X3 =< ([k2, b, m2; x2), (K5, I3, m5); Ba), ([K5, 15, m5]; &), ([n2, 02, p2]i @2),
([5, 05, P5); 2), ([n5, 05, p5]; v2) > are non-negative TBS,NNs.

Step 1.

=<(2,3,5];0.7),(2,6,8];0.3), (]2, 5,7];0.2), ([3,5,6]; —0.7), ([3,4,6]; —0.1),

(3,4,8];=0.2) = ® < ([k1, [, mu]; x0), (e}, I, m I B, (KT, 1, mAT; ¢0), ([, 01, pr ] )
Minimize | ([1},0},p|] D, ([n],0].p{l;v1) > @ < ([3,6,9];0.8), ([3,5,8];0.2), ([3,6,8];0.3), ;
([2,3,7];-0.8), ([2,3,6]; -0.2), ([2,4,7]; =0.3) = ® < ([k2, o, m2]; x2), ([k3, [y, m5]; Ba),

(i3, 1y, m5]; £2), ([n2, 02, p2ls a2), ([, 05, o1 2), ([15, 05, P51; v2) >;

subject to

< ([1,3,41:0.9), (1,4, 5]:0.1), ([2,3,41:0.2), ([2.4,9%: —0.9), ([3.5.7]: =0.2). (3.4, 5: —=0.3) = ®
< ([ky, i, m s x0), (k1m0 B, (kL 1 m1s ¢, (Ina, o1, prli ), (1), 04, P11 1), (1Y, 0, pi T v1) >

® < ([4,5,6];0.8), ([4,5,7];0.1), ([4,6,7];0.2), ([S, 6, 7]; —0.8), ([S, 6, 8]; —0.2), (|4, 6,9]; —=0.1) > ®
< ([k2, b, my]; x2), (K, 15, M5 ; Bo), ([, 15, M1 £2), ([n2, 02, pals a2), ([15, 05, S s @2), ([, 05, p51s va) >

— < ([23.50,761;0.7), ([23,59,98]:0.2), ([24, 54,80]: 0.3), ([24, 42, 105]: —0.7), ([23,40, 113]; —0.3),
([19,48,98]: —0.4) .

< ([0,4.91:0.9), ([0, 2.8]:0.3), ([1,4,71:0.2), ([2.6,8]: —0.8), (2. 5,9]: —0.3). ([1,6,8: ~0.2) = ®

< ([k1, li,m]; x0), (kY 1m0 1 B, (kYL 1 m1560), (g, o1, prli ), (1, 04, P11 91), (1Y, 0], P15 v1) >

® < ([3,4,81:0.8), ([3,5,91:0.2), ([3,6,71;0.3), ([1,2,3]:—0.9), ([2, 3,4]: —0.3), (3, 5, 7]; =0.2) > ®
< ([ka, b, mo]; x2), (K5, 1, m5]; Ba), (K5, 1 ,m1; 02), ([m2, 02, pali @2), ([15, 05, P51 92), ([15, 05, p5 15 v2) >

—< ([15,48,1271;0.7), ([15,47, 1371:0.3), ([17, 58,98]: 0.3), ([8, 28, 74]: —0.7), ([10, 25,95]; —0.3),
([13,48,105]: —0.2) >,

where X1 =< ([k1, l1,m1]; x1), (k1. 1, m 1 BD, (K], 1, mi ] 20, ([n1, 01, p1ls ), (7], 07, P 1 01),
([}, 01, p{L;v1) > and X3 =< ([k2, b, ma; x2), (K5, Iy, m5); Ba), (K5, 15, m))]; &), ([n2, 02, p2]i @2),
([, 05, P51 2), ([n5, 04, py]; v2) > are non-negative TBS,NNs.
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Step 2.

Minimize < (21, 31, SmiJ: 0.7 A1), (2K}, 611, 801, 1:0.3v B1). (kY. S, Tmi1:0.2v €1). (B, So1.6p1);
—0.7v ay), ([3n],407,6p|]; 0.1 A @1), ([3n],407,8p ], —0.2 A vy) >
@ < ([3k2, 60,9m>]; 0.8 A x2), ([3k2, 5D, 8WI2] 0.2v ,32) ([3k2, 612, 8m»]; 0.3V &), ([2n2, 302, Tp2]; —0.8 v
a2), ([2n2,302,6p2]; —=0.2 A ¢2), ([2n2,402, Tp2]; —0.3 A v2) >
subject to
< ([k1,301,4m11; 0.9 A x1), ([k/l,41’1,5m 1;0.1v B, ([2 k/ll, li’,4m”] 0.2v ¢y, ([2n1,401,9p1]; —0.9 v ay),
([3n], 507, 7p11; —0.2 A @1), ([3n], 401, 5p{]; =0.3 Avy) > @
< ([8k2, 5h, 6m3]; 0.8 A x2), ([4k2, 5L, T ;0.1 v Ba), ([4KY, 615, Tm1:0.2 v £2), ([5m2, 602, Tpal: —0.8 v
), ([51), 607, 8p5]; —0.2 A @), ([4n5, 607, 9p51; —0.1 A vp) >
=< ([23,50,76];0.7), ([23, 59, 98];0.2), ([24 54 80];0.3), (24,42, 105]; —0.7), ([23,40, 113]; —0.3),
([19,48,98]; —0.4) >,
< ([0k1,41,9m1];0.9 A x1), ([OK] ,21/1, 8m1] 0.3V B), ([1k’{,4li/, 7m’1/];0.2 Vv 1), ([2n1, 601, 8p1]; —0.8 v
a1), ([2n],507,9p11; —=0.3 A1), ([1n7, 607, 8p|1; =0.2 Avy) > @
< ([Bka, &b, 8m3]; 0.8 A x2), (3K, 51;,9m2] 02V f). (BK.. 614, Tms1;0.3 v 22), ([1n2, 205, 3p]; —0.9 v
a2), ([2n),30%,4p5]; —0.3 A @), ([3n5, 507, Tp51; —0.2 A vp) >
L (1548 1271:0.7). ([15.47.1371-0.3). ([17. 58.98]: 0.3). ([8.28.74]: —0.7). ([10,25.95]: —0.3).
([13,48,105];—0.2) >,
k1 >0, L —k1 =0, m —-L=>=0k; >0, lj -k =0, m—1;>0, k{>0, [/—ki=0,
m’l/—l”>0 n1 >0, 0o—n; >0, pir—01=0, n;>0, o, —n; >0, p;—0;=0, nf=>0,
of —n{ =0, p{—=0{>20,k>0, h—ky>0, my—-hb>0k, >0, I,-ky,>=0, m)—1,>
0, k”>0 Iy —ky >0, mj—1>0, n2>0 00—ny>0, pp—02>0, ny>0, o),—n)>
0, p’2—0’220, n’Z/ZO, o5 —ny >0, pj—o5=>0,
here
X1, 81,81, x2, B2, 62 €[0, 1], a1, 91, v1, 00,92, v2 € [—1,0].

Step 3.

Minimize < ([2k1 + 3k, 3l + 612, Smy + 9ma]; AL0.7 A x1) A (0.8 A x2)D), ([2k) + 3K, 617 + 515, 8m) +

8ml]; VI(0.3V B1) v (0.2 B)]), ([2K] + 3KY, 51 + 614, Tm! + 8mf1; V(0.2 v ¢1) v (0.3 V £2)]), ([Bny +

213, 501 + 302,6p1 + Tp2]; VI(—=0.7 v 1) v (=0.8 v ap)]), ([3n] + 21}, 40 + 30, 6p] + 6p4]; A[(—0.1 A

@1) A(=0.2 A )], ([3n] 4215, 40 + 405, 8p + Tp51; Al(=0.2 Avp) A (=0.3 Avp)]) >

subject to

< ([k1 4 4ka, 311 + 51, 4my + 6ma]; A[(0.9 A x1) A (0.8 A x2)]), ([k] + 4k, 41y + 515, Smy + Tm]; V(0.1 v

BV (0.1 V B, (12K + 4kY. 31 + 61, 4m] + Tm1: V[(0.2 v ¢1) Vv (0.2 v )], ([2n1 + Sma, 401 +

607,901+ Tp2]; VI[(— 09Va1)v( 0.8Vvan)), ([3n1+5n2,501+602,7p1+8p’2];/\[(—0.2/\g01)/\(—0.2/\

)], ([3n] +4n5, 40| + 6075, 5p| + 9p31; Al(=0.3 Avp) A (=0.1 Av)]) >

L ([23.50.76]:0.7). ([23.59.981:0.2). ([24. 54.80]: 0.3). ([24. 42, 105]: —0.7). ([23.40, 113]: —0.3).

([19,48,98]; —0.4) >,

< ([Oky 4 3ko, 41y +41, 9my +8ma]; AL0.9 A x1) A 08 A x2)]), (0K} +3K5, 211 4515, 8m) +9m1),]; v[(0.3 v

B1) Vv (0.2 Vv B, ([1k] + 3K5,41] + 617, Tm] + Tmi];v[(0.2 v &) v (0.3 Vv &)]), ([2n1 + 1na, 601 +

202,8p1+3p2] V[(— 08\/(x1)v( O9Va2)]) ([2n] +2n2,50 + 305,99 +4p51s Al(=0.3 A ) A(=0.3 A

@2))), ([} + 3n3, 607 + 505, 8pY + Tp5]; Al(— 02/\V1)/\( 0.2Av)]) >

=< ([15, 48 127] 0. 7) ([15 47,137];0.3), ([17, 58,98];0.3), ([8,28, 74]; —0.7), ([10, 25, 95]; —0.3),

([13,48,105];—0.2) >,

k1 >0, L —k1 >0, m—0 >0k} >0, [[—ki>=0, m—1[,>0, k{=0, [/—-ki>=0, m]—

>0, n >0, op—n >0, py—01>0, n; >0, oj—n}>0, p;—0,>0, n{>0, of—
”zO pPl—0{>0, k>0, bh—ky>0, my—5hb=>0ky,>0, I,-ky>=0 my—1=>0,
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Ky>0, IJ—ky>0, mj—0)>0, >0, 0oo—m=>0, pp—0y>0, ny,>0, 0),—n)>
0, py—0,>20, nyj>0, of—ny>0, pj—o)=>0,
here
X1, B8, X2, 82,82 €[0, 1], a1, ¢1,v1, 2,02, v2 € [—1,0].
Step 4.

By using definition of blue score function the above BS,N linear programming problem can
be converted into CL programming problem:
Minimize é([2k1 + 3k, 311 + 6D, 5Smy + 9] + 1 — 2k + 3Kk, 601 + 50, 8m + 8m,] 4+ 1 — [2k] +
3k, 51 + 61, Tm/| 4 8m3] + 1 + [3n1 + 2np, 501 + 302, 6p1 + Tpa] — [3n) + 21, 40] + 305, 6p) + 6p)] —
[3n] + 205,407 4405, 8pT + Tp));

subject to:
ki + 4k, =23, 0ky + 3k, =15,
31 + 5L = 50, 41y + 41, = 48,
4my + 6my =176, 9my + 8my =127,
AL0.9 A x1) A (0.8 A x2)]=0.7, A[(0.9 A x1) A (0.8 A x2)]=0.7,
Ky + 4k =23, 0K, + 3k, = 15,
Al + 55 =359, 211+ 51, =47,
Sty + Ty =98, 8| +9my = 137,
V[(0.1Vv B V0.1V B)]=0.2 V0.3V BV (0.2V B2)]=0.3
2k + 4ky =24, K +3ky =17,
31) + 61 = 54, 417 + 61 = 58,
4mi + Tm; = 80, Tm| +Tm)y = 98,
V[(0.2Vv ) v(0.2V $)]=0.3, V[(0.2Vv z1) v (0.3 Vv £2)]=0.3,
2n1 + Sny = 24, 2ny+ny =38,
401 + 60, = 42, 601 + 207 =28,
6p1 +7pr =105, 8p1+3pr =74,
VI(=0.9Va)) V(=08 Vay)]=—0.7, VI(=08Vva)V(=09Vvar]=-07,
30 + 5ny =23, 2ny +2ny = 10,
501 + 60, = 40, 501 4305 =125,
7p) +8py =113, 9p} +4p, =95,
A(=02 A @) A (=02 A )] =—0.3, Al(=0.3A0D) A (=0.3A¢2)]=-0.3,
3n{ 4 4ny =19, ny+3n5 =13,
40! 4 605 =48, 60 + 50 =48,
5p| +9py = 98, 8py +7py =105,

Al(=03 AV A (=0.1 Avp)]=—04, Al(=02Av)A(=0.2A1)]=-0.2,
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k120, h—kiz0 m—-h=0k=0, §-K=0 nri—[=0 k=0, I-k=0 mj-
I/ >0, n >0, oy—n >0, pi—o; =0, nj>=0, of—ny>=0, pj—0,=0, nf>0, of—
”/1/205 P/{_Oll/ioakZEOa 12_k2205 m2_12205k/220: lé_k/zioa mlz—léioa
ky>0, 00—k >0, m)—10]>0, nn>0, 00—m=>0, pp—02>0, n,>0, o),—n,=>0,
p’2—0’220, n/2’20, og—ngzo, p’z/—0’2/20,
here
X1, 81,81, X2, B2, 02 € [0, 1], a1, 91, v1,00,92,v2 € [—1,0].

Step 5.

The optimal solution of the crisp linear programming problem is ky =3,y = 5,m =7,k =
3 =6,m =7,k| =2l =4,m[ =6,ky=5b=T,my =8,k =5,1,=T,m, =9,k5 =51 =7,m) =
8,nm=2,00=3,p1="7n=1,0,=2,p)=7.n{=1,0{=3,p] =T,m=4,00=5,pp=6,n, =4,0, =
S,plz = 8,11/2/ =4, 0/2/ = 6,p/2/ =7,x1=038,81=02,1=03,x=0.7,8=0.2,0,=0.1,0; = 0.8, 91 =
—0.3,v1=-0.2,00 =—0.7,¢p =—0.2,v, = —0.1.

Step 6.

The exact optimal solution is xX; =< ([3,5,7];0.8),([3,6,7];0.2), (]2,4,6];0.3), (]2, 3,7]; —0.8),

Step 7.

The bipolar single-valued neutrosophic optimal value of fully bipolar single-valued neutro-
sophic linear programming problem is
< ([21,57,107];0.7), ([21,71,128];0.3), ([19, 62, 106];0.3), (14, 30, 84]; —0.7), ([11,23,90]; —0.3),
([11,36,119];—0.3) >.

Example 4.2. Farming Problem. A farmer contains cattle like cows and goats in his form and
he cells ghee and meat. The price of ghee per kg is Rs. < ([5,7,9];0.9,0.4,0.3), ([6,7,8];—0.9,—0.1,
—0.2) > and for meat is Rs. < ([4,6,8];0.7,0.3,0.3), ([3,7,9]; —0.8,—0.4,—0.1) > the maximum
production of ghee is
=<([7,17,38];0.8,0.4,0.4),([13,50,112]; —0.7,—0.3,—0.4) = kg per day and meat is
< ([9,32,67];0.6,0.3,0.4), ([14,48,120]; —0.6, —0.3, —0.4) > kg per day. The ghee and meat (in kg)
of both cattle’s are given in Tab. 1.

Table 1: Farming problem

Material Ghee Meat Maximum production per day
(in kg)
Cow =< ([2,3,5];0.9,0.4,0.2), < ([3,4,6];0.9,0.3,0.4), < ([7,17,38];0.8,0.4,0.4),
(L,5,8];-0.7,-0.3,-0.1) = ([4,5,7];—0.9,—-0.2,-0.2) = ([13,50,112];—0.7,—-0.3,—0.4) >
Goat < ([4,8,10];0.6,0.2,0.1), <([1,4,91;0.7,0.1,0.1), <(9,32,67];0.6,0.3,0.4),

([2,4,8];—0.7,—0.2,—0.4) = ([2,6,8];—0.6,—0.2,—0.2) = ([14,48,120]:—0.6,—0.3, —0.4) =

We have to maximize the profit. Let X; and X] be ghee and meat in kg. Then the bipolar
single-valued neutrosophic linear programming problem becomes:
Maximize < ([5,7,9];0.9,0.4,0.3), ([6,7,8]; —0.9,—0.1, —0.2) > ®x
® < ([4,6,8];0.7,0.3,0.3),([3,7,9]; —0.8, —0.4, —0.1) > ®x>;
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subject to
<(2,3,5];0.9,0.4,0.2), ([1, 5, 8]; —0.7,—0.3,—0.1) = ®x16 < ([3,4,6];0.9,0.3,0.4), ([4,5,7];
—-0.9,-0.2,-0.2) >

® % =< ([7,17,38];0.8,0.4,0.4), ([13, 50, 112]; —0.7, —0.3, —0.4) =,
< ([4,8,10];0.6,0.2,0.1), ([2,4,8];—0.7, —0.2, —0.4) = ®%1® < ([1,4,9];0.7,0.1,0.1), (12, 6, 8];
~0.6,—0.2,-0.2) =

® X ==<([9,32,67];0.6,0.3,0.4), ([14,48,120]; —0.6, —0.3, —0.4) >,
where X1 =< ([k1,l1,m1]; x1, B1,¢1) 5 ([m1, 01, p1)s e, 1, v1) >
and X =< ([kz, b, m2]; x2, B2, 52)
([n2, 02, po]; &2, 92, 12) > are non-negative TBS,NNs.
Step 1.
(< ([5,7,9]:0.9,0.4,0.3), ([6,7,8]; —0.9, —0.1, —0.2) » ® < ([k1,l1,m1]; x1, B1, 1) » )
Maximize § ([n1,01,p1];21,91,v1) > @D < ([4,6,8];0.7,0.3,0.3),([3,7,9]; —0.8,—0.4, —0.1) > ® {;
< ([k2, b, ma]; x2, B2, §2) » ([n2, 02, p2l; @2, 92, v2) >
subject to
<([2,3,5];0.9,0.4,0.2), ([1,5,8]; —0.7,—-0.3, —0.1) > ® < ([k1, 1, m11]; x1, B1,¢1) , (11, 01, p1l;

o, 91, V1) >
@ < ([3545 6]5 093 035 04)3 ([43 53 7]3 _093 _0'23 _02) > ® < ([k23 125 mZ]a X2 1325 {2) s

([n2, 02, p2]; a2, 92, 12) >

==<([7,17,38];0.8,0.4,0.4), ([13,50,112]; 0.7, —0.3, —0.4) >,

< ([4,8,10];0.6,0.2,0.1), ([2,4,8];—0.7,—-0.2, —0.4) = ® < ([k1, li,m1]; x1, B1.¢1) » (11, 01, p1];
ay,e1,v1) >

® < ([1,4,9];0.7,0.1,0.1), (]2, 6, 8]; —0.6, —0.2, —0.2) > ® < ([k2, lr, m2]; x2, B2, ¢2) ,

([n2, 02, p2ls a2, 02, v2) >

— < ([9,32,671;0.6,0.3,0.4), ([14,48, 120]; —0.6, —0.3, —0.4) >,
where X1 =< ([k1,/1,m1]; x1, B1. 1) , ([n1, 01, p1]; a1, @1, V1) >

and X =< ([k2, b, m2]; x2, B2, ¢2) , ([n2, 02, p2]; a2, @2, 12) > are non-negative TBS,NNs.
Step 2.

< ([5k1571139m1]509 A X1504\/ 131503 Vv gl) s ([6}’[1,701, Spl]a —0.9\/0[1, —0.1 A1,

Maximize —02A0) - ;
@ < ([4k25 6125 8”’12], 07 A X2, 03 \% 1325 03 \% {2) s ([3}’12, 7025 9p2]3 _08 \% (0% _04 N (p25 ’
—0.1Avp) >

subject to

< ([2k1,30,5m1];09 A x1,0.4 Vv B1,0.2Vv ¢1), ([1ny, 501,8p1]; —0.7 vV o, —0.3 A @1, —0.1 Avy) = @
< ([3k2,4L,6m3];0.9 A x2,0.3V B2,0.4V &), ([4n3,502,7p2]; —0.9 vV ar, —0.2 A @r, —0.2 Avp) >
==<([7,17,38];0.8,0.4,0.4),([13,50,112]; —0.7,—0.3,—-0.4) >,

< ([4k1, 811, 10m1]0.6 A x1,0.2Vv B1,0.1 Vv 1), ([2n1,401,8p1]; —0.7V a1, —0.2 A @1, —0.4 Avy) > B
< ([k2,41,9m5];0.7 A x2,0.1V B2,0.1 Vv &2), ([2n2,607, 8p2]; —0.6 V ar, —0.2 A 2, —0.2 A vp) >
==<([9,32,67];0.6,0.3,0.4), ([14,48,120]; —0.6, —0.3, —0.4) >,

k1=0, L =k=0, m—-04>=0, n>0, 0o,—n >0, p;r—o01=0,

ko>0, hL—=ky>0, m—05>0, >0, 0—n>0, pr—02>0,
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here
X1, 81,81, X2, B2, 02 € [0, 1], a1, 91, v1,00,92,v2 € [—1,0].
Step 3.

Maximize < ([Sky+ 4ky, 7l + 61y, 9m1 4+ 8my]; A[(0.9 A x1) A (0.7 A x2)], V[(0.4V B1) v (0.3 V Br)],
V[(0.3Vv <) Vv (0.3V ), ([6n+3n, 701+ T02,8p1 + Ip2]; VI(=0.9 v ap) v (=0.8 vV ar)],
AT(=0.1 A1) A(=0.4 A 2)], A[(=0.2 Avp) A (=0.1 Ap)]) >;

subject to

< ([2k1 4 3ko, 30 + 4D, Smy 4+ 6m2]; A[(0.9 A x1) A (0.9 A x2)], V0.4V B1) v (0.3 V B2)],
V[(0.2V ) V(0.4 Vv )], ([ +4n2, 501 + 502,8p1 + Tp2], V[(=0.7 v ay) Vv (0.9 vV a)],
A[(=0.3 A1) A(—=0.2 A 02)], A[(—0.1 Av)) A(—=0.2 A)]) >
—~<([7,17,38];0.8,0.4,0.4), ([13, 50, 112]; —0.7, —0.3, —0.4) >,

< ([4k1 + k2, 811 + 415, 10m1 4+ 9my]; A[(0.6 A x1) A (0.7 A x2)], V(0.2 V B1) v (0.1 Vv B)],
V0.1V ) V(0.1 V), ([2n1 + 212,401 + 602, 8p1 + 8p2]; VI(=0.7 Vay) v (=0.6 vV ay)],
AI(=0.2A 1) A (=02 A )], A[(—0.4 Av)) A(=0.2 A )] >
—<([9,32,67];0.6,0.3,0.4), ([14,48, 120]: —0.6, —0.3, —0.4) >,

k1=0, L =ki=0, m—-04>0, n>0, o,—n >0, p;r—o01=0,
ko>0, hL—ky>0, my—5h=>0, nm>0, 0y—n>0, pr—0y>0,
here

X1 81,61, x2, 82,62 € [0, 1], a1, 91, v1, 02,02, v2 € [—1,0].

Step 4.

By using definition of score function the above BS,N linear programming problem can be
converted into CL programming problem

Maximize §([5ki + 4ka, 7l + 61, 9my + 8ma] + 1 — [Sky + 4ka, 71y + 61, 9my + 8ma] + 1 — [Sky +
4kr, 7l + 61>,9m1 + 8mp] + 1 + [6n1 + 3ny, 701 + 702, 8p1 + Ipo] — [6n1 + 3ny, 701 + T02,8p1 + Ipo] —
[6n1 + 3n2, 701 + T02,8p1 + 9p));

subject to  2k; +3ky =7, 4k +kr =9,
3h+4L =17, 81 +4L =32,
Smy + 6my = 38, 10my +9my = 67,
A[(09 A x1) A9 A x2)]=0.8, A[(0.6 A x1) A (0.7 A x2)] = 0.6,
V[(0.4Vv B1) Vv (0.3V B)]=04, Vv[(0.2V B1) Vv (0.1Vv B2)]=0.3,
Vv[(0.2Vv ) Vv (0.4VvE)]=04, V[(0.1Vv )V (0.1VvE)]=04,
ny+4ny =13, 2n) +2ny =14,
501+ 50, =50, 40] + 60y =48,
8p1+Tpr =112, 8p1+ 8pr =120,

VI(=0.7vVa) V(=09 Vva)]=-0.7, V[(-0.7var)V(=0.6Vay)]=-0.6,
A[(=03 A ) A(=0.2A¢)]=—-0.3, A[(=0.2A¢1) A(=0.2A¢2)]=-0.3,
A[(=0.TAV)A(=02A12)]=—-04, A[(—0.4Av))A(=0.2A1)]=-04,
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here
X1, 81,81, x2, B2, &2 €[0,1], a1, @1, v1,00,¢02,v2 €[—1,0].

Step 5.

The optimal solution of the crisp linear programming problem is k| =2,/ =3,m; =4,ky =
LLh=2my=3,m=50=6p =7Tm=2,0=4p=8x1=08,=03,{1=04,x=09,6 =
0.2,60=0.3,a1 =-0.8,01 =-0.2,v; =—-0.3,00 = —0.8, 9o = —0.3,v, = —0.4.

Step 6.

The exact optimal solution is x| =< ([2,3,4];0.8,0.3,0.4), ([5,6,7]; —0.8, —0.2, —0.3) >,
x> ==<([1,2,3];0.9,0.2,0.3), (]2,4,8]; —0.8,—-0.3,—0.4) > .

Step 7.

The bipolar single-valued neutrosophic optimal value of fully bipolar single-valued neutro-
sophic linear programming problem is:
< ([14,33,60];0.7,0.4,0.4), ([36,70, 128]; —0.8, —0.4, —0.4) >.

Example 4.3. Maximize Profit Problem. A company contains two plants namely, plant X and
plant Y. It produces two products mobiles and LCDs by using raw material. The maximum work-
ing capacity for plant X is < ([24,81,131,190];0.4,0.6,0.5), (|24, 66, 128,229]; —0.4, —0.6, —0.5) >
hrs per week and for plant Y is < ([20,71,134,196];0.5,0.6,0.5), ([44,90,152,218]; —0.5, —0.6,
—0.6) > hrs per week.

For maximum production of mobiles and LCDs the raw material are given in Tab. 2.

Table 2: Maximize profit problem

Raw Mobiles LCDs Maximum production per week

material

Plant X < ([2,5,7,10];0.4,0.5,0.3), < ([2,6,8,10];0.6,0.5,0.4), < ([24,81,131,190];0.4,0.6,0.5),
([3,6,9,11];-0.6,—0.5,—0.4) > (3,5,7,13];-0.4,—0.5,—-0.3) = ([24,66,128,229];—0.4,—0.6,—0.5) >

Plant Y < ([5,9,10,11];0.7,0.5,0.6), < ([1,4,7,10];0.6,0.4,0.3), < ([20,71,134,196];0.5,0.6,0.5),

([9,10,11,12];—0.7, 0.4, —0.6) =  ([2,5,8,11];—0.6,—0.4, —0.6) =  ([44,90,152,218];—0.5, —0.6, —0.6) >

The cost of each mobile Rs. < ([5,7,9,11];0.5,0.4,0.3), ([6,8,10,12]; —0.6,—0.4, —0.5) = and
LCD Rs. < ([5,8,11,14];0.6,0.5,0.5), ([7,9,11,13]; —0.7, —0.5, —0.6) =. How can the company max-
imize the profit by producing mobiles and LCDs in the market. Let X] and x| be the production
of mobiles and LCDs in h.

Then the bipolar single-valued neutrosophic linear programming problem becomes:

Maximize < ([5,7,9,11];0.5,0.4,0.3), ([6, 8,10, 12]; —0.6, —0.4, —0.5) = ®x1® < ([5,8, 11, 14];
0.6,0.5,0.5),(7,9,11,13];-0.7, —0.5, —0.6) > ®x>;
subject to
=<([2,5,7,10];0.4,0.5,0.3),([3,6,9,11]; —0.6, —0.5, —0.4) > ®x1P < ([2,6,8,10];0.6,0.5,0.4),
(3,5,7,13];—-0.4,—0.5,—-0.3) > ®x>
=< ([24,81,131,190];0.4,0.6,0.5), (24, 66, 128, 229]; —0.4, —0.6, —0.5) >,
=<([5,9,10,11];0.7,0.5,0.6), (]9, 10,11, 12]; —0.7, —0.4, —0.6) > X1 < ([1,4,7,10];0.6,0.4,0.3),
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([2,5,8,11];—0.6, —0.4, —0.6) > @
=< ([20,71,134,196];0.5,0.6,0.5), ([44,90,152,218]; —0.5, 0.6, —0.6) >,
where X1 =< ([k1,/1,m1,s51]; x1, B1,¢1) » ([n1, 01, p1, L] a1, @1, 1) >

899

and Xy =< ([k2, b, m2, 52]; x2, B2, 82) , ([n2, 02, p2, 12]; @2, @2, v2) > are non-negative 7,S,BNNs.

Step 1.

< ([5,7,9,11];0.5,0.4,0.3), ([6, 8, 10, 12]; —0.6, —0.4, —0.5) > ® < ([k1, 1, m1,51];

X1, B1,61),

Maximize | ([n1,01,p1, ] 01,91, v1) > @ < ([5,8,11,14];0.6,0.5,0.5), ([7,9,11,13];
—-0.7,-0.5,-0.6) >
® < ([k2, 2, m2, 82]; X2, B2, €2) » (M2, 02, p2, 2]; 2, 92, V2) >

subject to
< ([25 55 75 10]5045 05503)3 ([33 63 93 11]3 _063 _059 _0'4) > ® < ([kla llamlasl]; X1 1315 {1) s

([nla 01,P1, tl];alaﬁl)l; Vl) > @ < ([25 65 85 10]5 O6a05304)3 ([33 53 73 13]9 _043 _0'53 _03) > ®

< ([k2, ,m2, $3]; x2, B2, 82) », ([n2, 02, P2, 2]; 002, 2, 12) >
— < ([24,81,131,190];0.4,0.6,0.5), ([24, 66, 128, 229]; —0.4, —0.6, —0.5) >,

< ([55 93 105 11]a07505306)3 ([93 109 119 12]9 _073 _0'4, _06) > ® < ([kla llamlasl]; X1, /315 {1) 5

([nla 01,P1, tl];alaﬁl)l; Vl) > @ < ([1545 75 10]5 O6a04303)3 ([23 53 83 11]9 _063 _0'43 _06) > ®

< ([k2, ,m2, $3]; x2, B2, 82) », ([n2, 02, p2, 2]; 002, 2, 12) >
==<([20,71,134,196];0.5,0.6,0.5), ([44,90, 152,218]; —0.5, —0.6, —0.6) >,

where X1 =< ([k1, l1,m1,51]; x1, 1, ¢1) » ([n1, 01, p1, L1l @1, @1, v1) >

and x> =< ([ka, b, m2, $2]; x2, B2, 82) » ([n2, 02, p2, 1], 2, 2, v2) > are non-negative 7,BS,NNs.

Step 2.

Maximize (—0.4 A@1,—0.5 A1) > D < ([Ska, 8D, 11my,1451];0.6 A x2,0.5V 82,0.5V &),

< ([5k1,7l,9m1,1151];0.5 A x1,0.4 Vv B1,0.3V 1), ([6n1, 801, 10p1, 12£1]; —0.6 \/061,)

([Tn2,902,11p2,1365]; —0.7 vV ap, —0.5 A 2, —0.6 A vp) >
subject to

< ([2k1, 50, Tmy, 10S1];0.4 A x1,0.5vVv /31,0.3 V<), ([31’11, 601,9p1, 11[1]; —0.6 vay,—0.5A @1,

—04Avp) =
® < ([2k2,602,8m3,1051];0.6 A x2,0.5V B2,0.4V &), ([3n2, 502, p2, 1315]; —0.4 V a3,
—0.5A @2, —03 A1) >

=< ([24,81,131,190];0.4,0.6,0.5), ([24, 66, 128,229]; —0.4, —0.6, —0.5) >,

< ([5k1,901,10m1,1151]0.7 A x1,0.5V B81,0.6 v ¢1), ([9n1, 1001, 11p1, 12¢1]; —0.7 vV a1, —0.4 A @1,

—0.6 A V1) >
® < ([ka,4l2,7m,1051];0.6 A x2,0.4V 52,0.3V £32), ([2n2, 507, 8p2, 1112]; —=0.6 V a2,
—0.4A¢2,—0.6 Avp) >

==<([20,71,134,196];0.5,0.6,0.5), ([44,90, 152,218]; -0.5, —-0.6, —0.6) >,

klZOa Zl_klzoa ml_llzoa Sl_mIZOa anOa Ol_nlzoa PI_OIZOa
kzZOa ZZ_kZZOa m2_1220a SZ_mZZOa nZZOa 02_’/1220’ PZ_OZZOa

here
X1, 81,1, x2, B2, 82 € [0, 1], a1,¢1,v1,02, 02,12 € [—1,0].

Ih—p ZO’

h—p2 ZO’
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Step 3.
Maximize < ([Sk1 + 5ko, Tl + 81, 9my 4+ 11my, 1151 + 1457]; A[(0.5 A x1) A (0.6 A x2)], V[(0.4V B1) v
0.5V B2)], vV[(0.3Vv ) v (0.5V ), ([6n1 4+ Tna, 801 + 902, 10p1 + 11po, 1281 + 1362]; V[(—0.6 VvV a1) V
(=0.7v o), Al(—=0.4 A1) A (=0.5A )], A[(=0.5 A V) A (—0.6 A)]) >;
subject to
< ([2k1 4 2ko, 511 + 61, Tmy 4 8mip, 10s1 4+ 10s2]; A[(0.4 A x1) A (0.6 A x2)], V[(0.5V B1) v (0.5V B2)],
VI(0.3v ) V0.4V o)), ([Bnr + 3n,601 + 502,901 + Tpo, 118 + 131]; V[(—0.6 vV a1) vV (—0.4 vV ar)],
AT(=0.5A @) A (=05 A )], A[(—=0.4 Av)) A(=0.3AM)]) =
=< ([24,81,131,190];0.4,0.6,0.5), ([24, 66, 128, 229]; —0.4, —0.6, —0.5) >,
< ([5k1 4+ k2,901 + 415, 10my 4+ Tmp, 11s1 + 10s2]; A[(0.7 A x1) A (0.6 A x2)], V[(0.5V B1) v (0.4 V B2)],
VI[0.6Vv ) V0.3V, (91 +2n,1001 4502, 11p1 +8pr, 1281 + 11£]; V[(—0.7 Vay) Vv (—0.6 vV ar)],
A[(=0.4 A1) A (0.4 A @2)], A[(—0.6 Avy) A (—0.6 Avo)]) >
=<==<([20,71,134,196];0.5,0.6,0.5), (|44,90, 152,218]; —0.5, —0.6, —0.6) >,

k1>0, L1 —k1>=0, m—-04>0, s—m;>0, n >0, 0o,—n >0, p;—01>0, t1—p;=>0,
ko>0, h—ky>0, my—5h>0, s5—my>0, n>0, 00—n>0, pr—02>0, tr—pr>0,
here
X1, 81,81, X2, B2, 52 €[0, 1], a1, 91, v1, 00,02, v2 €[—1,0].

Step 4.

By using definition of score function the above BS,N linear programming problem can be
converted into CL programming problem
Maximize %([Skl +5ky, Tl + 8L, 9my +11my, 11514+ 1457+ 1 —[Sk1 4+ 5k, 711 + 81, 91 4+ 11mp, 1151+
14s5o]+ 1 —[Sk1 + 5k, 7Tl + 81, 9my + 11my, 1151 + 14s5]+ 1 +[6n1 + Tny, 801 + 902, 10p1 + 11py, 1281 +
1355] — [6n1 + Tno, 8014+ 907, 10p1 + 11ps, 12t +1385] — [611 + Tnp, 801 + 902, 10p1 4+ 11po, 12¢1 + 1313]);
2k +2ky =24,
5I + 6L =81,

Tmy + 8my = 131,

subject to: Ski +ky =20,

9 +4L =171,
10m + Tmy =134,

10s1 + 10s, = 190,

A[0.4 A x1) A0.6A x2)]=0.4,
V[(0.5Vv B1) Vv (0.5V B2)]=0.6,
V[(0.3Vv ) Vv (0.4vVvE)]=0.5,
3n1+3n; =24,

601 + 50, = 66,

Op1+ Tpy =128,

11# + 131, =229,

V[(=0.6 Vo)V (=0.4Vay)]=-04,
A[(=0.5A 1) A(=0.5A )] =—0.6,
A[(=0.4 Av)) A (=0.3 A1p)]=-0.5,

11s; + 105y =196,

A[(0.7A x1) A 0.6 A x2)]=0.5,
V[(0.5V B1) Vv (0.4V B2)]=0.6,
Vv[(0.6Vv )V (0.3VvE)]=0.5,
Oni +2ny =44,

1001 4+ 502, =90,
11p1 +8py =152,
1261 4 1122 =218,

V[(=0.7va1) vV (=0.6 Vay)]=-0.5,
A[(=0.4 A1) A (—0.4 A )] =—0.6,
A[(—=0.6 Av) A (—0.6 Avy)]=—-0.6,
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k1>0, 1—k1>=0, m—-0>0, n >0, oj—n >0, p;—o1=>0,
ko>0, h—ky>0, my—5h=>0, nm>0, 0y—n>0, pr—02>0,

here
X1, 81,81, x2, B2, 82 € [0, 1], a1, ¢1,v1,02, 02,12 € [—-1,0].

Step 5.
The optimal solution of the crisp linear programming problem is k1 =2,/ =3,m; =5,51=6,ky =
10, =11,my =12,5p =13,n1 =4,01 =6,p1 =8, 11 =9,m=4,00=6,p» =8, =10, x1 = 0.5, 81 =
0.6,(1=04,%=0.7,8=0.6,50=0.5,a1 = —0.7,01 = —0.4,v1 = 0.5, = —=0.5,¢p = —0.6,1, =
—0.4.

Step 6.
The exact optimal solution is X; =< ([2,3,5,6];0.5,0.6,0.4), ([4,6,8,9]; —0.7,—0.4,—0.5) >,
X2 ==<([10,11,12,13];0.7,0.6,0.5), (4,6, 8,10]; —0.5, —0.6, —0.4) > .

Step 7.
The bipolar single-valued neutrosophic optimal value of fully bipolar single-valued neutrosophic

linear programming problem is
< ([60,89,177,248];0.5,0.6,0.5), ([52, 102, 168, 238]; —0.5, —0.6, —0.6) >.

Example 4.4. Maximize < ([3,5,6,8];0.6,0.5,0.4), (9,10,11,12]; —0.7,—-0.5, —0.3) > ®x]
@ < ([5,8,10,14];0.3,0.6,0.6), (7,9, 11,13]; —0.4, —0.5, —0.6) > ®x»;
subject to
<([3,5,6,8];0.6,0.5,0.4), ([9,10,11,12]; —0.7,—0.5, —0.3) > ®x16 < ([5, 8, 10, 14];0.3,0.6,0.6),
(7,9,11,13]; -0.4,—0.5, —0.6) > ®x>
=< ([18,42,68,116];0.3,0.6,0.6), ([73,96, 154,200]; —0.4, —0.5, —0.6) >,
< ([5,8,10,14];0.3,0.6,0.6), ([7,9,11,13]; —0.4,—0.5, —0.6) > ®xX1P < (|3, 5,6,8];0.6,0.5,0.4),
(9,10,11,12]; -0.7, —0.5, —0.3) > ®x>
=< ([14,36,60,104];0.3,0.6,0.6), ([71,114,154,200]; —0.4, —0.5, —0.6) >,
where X1 =< ([k1,/1,m1,51];0.8,0.2,0.3), ([n1,01,p1,t1]; —0.6, —0.4, —0.4) >
and X, =< ([k2, [r,m», 53];0.8,0.2,0.3), ([n2, 02, p2, 12]; —0.6, —0.4, —0.4) >
are non-negative 7, BS),NNs.
Step 1.
=<([3,5,6,8];0.6,0.5,0.4), ([9,10,11,12]; —0.7,—0.5,-0.3) » ®
< (lk1,11,m1,51];0.8,0.2,0.3), ([n1, 01, p1,11]; —0.6,—0.4,—0.4) = & |
=< ([5,8,10,14];0.3,0.6,0.6),([7,9,11,13]; —0.4,—0.5,—0.6) > ® ’
< ([k2,1h,m», 57];0.8,0.2,0.3), ([n2, 02, p2, t2]; —0.6, —0.4, —0.4) >~

Maximize

subject to

< ([3,5,6,8];0.6,0.5,0.4), ([9, 10, 11,12]; —0.7, —0.5, —=0.3) = ® < ([k1, /1, m1,51];0.8,0.2,0.3),

([n1, 01, p1, 11]; —0.6, —0.4, —0.4) = & < ([5, 8, 10, 14];0.3,0.6,0.6), ([7,9, 11,13]: —0.4, —0.5, —0.6) > @
< ([kz, 12, my, Sz]; 0.8, 0.2, 0.3) , ([}’12, 02,P2, lz]; —0.6, —0.4, —0.4) >

=< ([18,42,68,116];0.3,0.6,0.6), ([73, 96, 154, 200]; —0.4, —0.5, —0.6) >,

< ([5,8,10,14];0.3,0.6,0.6), ([7,9, 11, 13]; —0.4, —0.5, —0.6) = ® < ([k1, /1, m1,5];0.8,0.2,0.3),

([n1, 01, p1, 11]; —0.6, —0.4, —0.4) = & < ([3, 5,6,8]:0.6,0.5,0.4), ([9, 10, 11,12]; —0.7, —0.5, —0.3) > ®
< ([kz, 12, my, Sz]; 0.8, 0.2, 0.3) , ([}’12, 02,p2, lz]; —0.6, —0.4, —0.4) >

=< ([14,36,60,104];0.3,0.6,0.6), ([71,114,154,200]; —0.4, —0.5, —0.6) >,

where X1 =< ([k1,/1,m1,51];0.8,0.2,0.3), ([n1,01,p1,t1]; —0.6, —0.4, —0.4) >
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and -)52 =< ([k23 125 ny, S2]5 085 023 03) ’ ([n25 02,D2, t2]5 _065 _045 _04) >
are non-negative 7, BS,NNs.

Step 2.
< ([3k1,501,6m1,851];0.6 A0.8,0.5Vv0.2,0.4 Vv 0.3),
o ([9n1,1001,11p1,1241]; —0.7 v —0.6, —0.5 A —=0.4, —0.3 A —0.4) >
Maximize ;
@ < ([Skr, 8L, 10my, 145,];0.3 A 0.8,0.6 v 0.2,0.6 v 0.3),
([Tn2,907,11py,1365]; —0.4 v —0.6,—0.5A —0.4,—0.6 A —0.4) >
subject to

< ([3k1, 51, 6my, 851];0.6 A 0.8,0.5 v 0.2,0.4 v 0.3), ([9n1, 1001, 11py, 1261]; —0.7 v —0.6, —0.5 A —0.4,
—0.3A—0.4) = @ < ([5k2, 85, 10m2, 1455];0.3 A 0.8,0.6 v 0.2,0.6 v 0.3), ([7n2, 902, 11p3, 1382]; —0.4 v
—0.6,—0.5A —0.4,—0.6 A —0.4) =

=< ([18,42,68,116];0.3,0.6,0.6), (73,96, 154, 200]; —0.4, —0.5, —0.6) >,

< ([5kz, 81, 10y, 1455]:0.3 A 0.8,0.6 v 0.2,0.6 v 0.3), (712,902, 11ps, 1362]; —0.4 v —0.6,—0.5 A
—0.4,-0.6 A —0.4) = ® < ([3k1, 511, 6m1,8511:0.6 A 0.8,0.5V 0.2,0.4 v 0.3), (91, 1001, 11py, 1211];
—0.7v —0.6,—0.5A —0.4, —0.3 A —0.4)

=< ([14,36, 60, 104];0.3,0.6,0.6), ([71, 114, 154, 200]; —0.4, —0.5, —0.6) >,

Step 3.
Maximize < ([3k1 + Sko, 511 4 815, 6m1 + 10my, 8s1 + 14s7]; A[(0.6 A 0.8) A (0.3 A0.8)], V[(0.5Vv 0.2) v
(0.6 v 0.2)],
Vv [(0.4v0.3) v (0.6Vv0.3)], (911 + Tna, 1001 4+ 907, 11p1 + 11p>, 1281 + 1385]; V[(—=0.7 v =0.6 v (—0.4 v
—0.0)], A[(=0.5A =0.4) A (=0.5A=0.D)], A[(—=0.3 A =0.4) A (—0.6 A =0.4)]) >;
subject to
< ([Bk1 4 Sky, 511 + 81y, 6my1 4+ 10my, 8s1 + 14s5]; A[(0.6 A 0.8) A (0.3 A0.8)], V[(0.5v 0.2) v (0.6 v 0.2)],
V[0.4v0.3) Vv (0.6Vv0.3)]), ([9n1+ Tny, 1001 4+ 902, 11p; + 11py, 12¢) + 138]; V[(—0.7Vv —0.6 v (—0.4 v
—0.0)], A[(=0.5A =0.4) A (=0.5A =0.D)], A[(=0.3A =04 A (0.6 A —=0.4)]) >~
=< ([18,42,68,116];0.3,0.6,0.6), ([73,96, 154,200]; —0.4, —0.5, —0.6) >,
< ([Sk1 4 3k, 811 + 515, 10my + 6my, 14s1 + 8s2]; A[(0.3 A 0.8) A (0.6 A0.8)], V[(0.6 v 0.2) v (0.5Vv 0.2)],
V[(0.6v0.3)Vv(0.4v0.3)]), ([7n1+ 912,901+ 1002, 11p1 + 11py, 1321 + 1285]; V[(—0.4 v —0.6) v (—0.7 v
—0.0)], A[(=0.5A =0.4) A (=0.5A =0.D)], A[(—0.6 A —=0.4) A (=03 A =0.4)]) >~
=< ([14,36,60,104];0.3,0.6,0.6),
([71,114,154,200]; —0.4,—0.5,—0.6) >,

k1=0, L1 =k1>=0, m—-04>0, s—m >0, n >0, oj—n >0, py—01>0, t1—p;=>0,
ko>0, hL—=ky>0, m—5h>0, s5—m>0, n>0, 0y—n>0, pr—02>0, tH—pr>0,

Step 4.

By using definition of score function the above BS,N linear programming problem can be
converted into CL programming problem
Maximize é([3k1 + Sko, 51 + 81, 6my + 10m», 8s1 + 14s5] + 1 — [3k1 + Skz, 501 + 8L, 6m1 + 10my,
8s1 + 14so] + 1 — [3ky + 5kp, 51 + 8b,6m1 + 10my,8s1 + 14s5] + 1 + [9n1 + Tny, 1001 + 90,,
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11p1 + 11pr, 1281 + 1385] — [9n1 + Tno, 1001 4 903, 11py + 11po, 1241 + 1385] — [9n1 + Tno, 1007 +
907, 11p1 + 11py, 121 + 1385]);

subject to 3k + Sky =18, Sk 4+ 3ky = 14,
5l 4+ 8L =42, 811 + 50, =36,
6my + 10my = 68, 10m; 4 6my = 60,
8s1 + 145, =116, 14s1 4 855 =104,
A[(0.6 A0.8) A (0.3A0.8)]=0.3, A[(0.3A0.8) A (0.6 A0.8)]=0.3,
Vv[(0.5v0.2) v (0.6 v 0.2)]= 0.6, Vv[(0.6Vv0.2) v (0.5Vv0.2)]=0.6,
Vv[(0.4Vv0.3) v (0.6 v0.3)]=0.6, Vv[(0.6 Vv 0.3) v (0.4Vv0.3)]=0.6,
O+ Tny =173, Tny+9n, =171,
1001 + 90, =96, 901+ 100, =114,
11p;+11py =154, 11p;+11py =154,
1241 4 13#, = 200, 13¢1 + 124, = 200,

V[(=0.7v —=0.6 v (—0.4Vv —0.6)]=—-04, V[(—0.4Vv —0.6) Vv (—0.7v —0.6)]=—0.4,

A[(=0.5A =0.4) A (=0.5A =0.4)]=—-0.5, A[(=0.5A=0.4) A (—=0.5A—0.4)]=—-0.5,

A[(=0.3A—=04) A (—0.6 A—0.4)]=—-0.6, A[(—0.6 A—0.4)A(—0.3A—-0.4)]=-0.6,
ki >0, Lh—ki >0, m~—-4>0, n>0, 0o;—n >0, p;—o01=0,

ko>0, hL—ky>0, m—05L>0, >0, 0,—n>0, pr—02>0,

Step 5.

The optimal solution of the crisp linear programming problem is k1 = 1,/1 =2,m; = 3,51 =
dky=3,Lb=4,m=35,5=5n=50=6p =701=8nm=40=6p,=T710,=_8.

Step 6.

The exact optimal solution is xX; =< ([1,2,3,4];0.8,0.2,0.3), ([5,6,7, 8]; —0.6, —0.4, —0.4) >,
x> ==<([3,4,5,6];0.8,0.2,0.3), ([4,6,7,8];—0.6,—0.4, —0.4) > .

Step 7.

The bipolar single-valued neutrosophic optimal value of fully bipolar single-valued neutro-
sophic linear programming problem is
< ([18,42,68,116];0.3,0.6,0.6), ([73, 96, 154,200]; —0.4, —0.5, —0.6) > .

5 Comparative Analysis

In this section, Khalifa et al.’s method [38] has been compared with our proposed method
in Section 3. Bipolar single-valued neutrosophic optimal solution of the Example (4.4) is X1 =
< ([1,2,3,4];0.8,0.2,0.3), ([5,6,7,8]; —0.6,—0.4, —0.4) >, x> =< ([3,4,5,6];0.8,0.2,0.3), (4,6, 7, 8];
—0.6,—0.4,—0.4) = and bipolar single-valued neutrosophic optimal value < ([18,42,68,116];0.3,
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0.6,0.6), ([73,96,154,200]; —0.4, —0.5, —0.6) >. By restricting the bipolarity membership part of
Example (4.4), the problem converts into FNLP problem;

Maximize (([3,5,6,8];0.6,0.5,0.4)® X1 & ([5.8, 10, 14];0.3,0.6,0.6) ® x2) ;
subject to

< ([3,5,6,8];0.6,0.5,0.4) > ®x1d < ([5,8,10,14];0.3,0.6,0.6) > ®x7

=< ([16,18,22,30];0.8,0.2,0.3) >,

< ([5,8,10,14];0.3,0.6,0.6) > ®x716 < ([3,5,6,8];0.6,0.5,0.4) > @x7

=< ([13,15,18,24];0.8,0.2,0.3) >,

where X7 = ([k1,11,m1,51];0.8,0.2,0.3) and X3 = ([kp, lr,m», $7];0.8,0.2,0.3) are non-negative trape-
zoidal bipolar single-valued neutrosophic numbers.

Neutrosophic optimal solution and neutrosophic optimal value attained by Khalifa
et al’s method [38] are X; = ([3.3,4,4.6,6];0.8,0.2,0.3), x>, = ([6.3,7,8.3,12];0.8,0.2,0.3) and
([41.4,78,119,220.8];0.3,0.6,0.6), respectively. These values of X; and X, have been not satisfied
the constraints. So, our proposed method is accurately solved tha Khalifa et al.’s [38]. problem in
an bipolar single-valued neutrosophic environment and satisfied the constraints.

Furthermore, our proposed method is generalization of Khalifa et al.’s [38] method by using
this method all the shortcoming of Khalifa et al.’s [38] method are removed.

6 Conclusions

A bipolar single-valued neutrosophic model, an extension of bipolar fuzzy model, is a power-
ful tool to deal with vagueness. In this research article, we have solved fully bipolar single-valued
neutrosophic linear programming problems with equality constraints. We have applied a score
function to transform bipolar single-valued neutrosophic numbers into its equivalent crisp prob-
lem. Further, we have solved the numerical examples and practical models by using the proposed
method. The obtained solutions satisfy the given constraints of the FBSVNLP problems, which
shows that the suggested method is reliable. In future, this work can be extended to (1) Complex
bipolar neutrosophic LPP; (2) Complex spherical neutrosophic LPP.
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