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LOST SALES REDUCTION AND QUALITY IMPROVEMENT WITH VARIABLE
LEAD TIME AND FUZZY COSTS IN AN IMPERFECT PRODUCTION SYSTEM

HARDIK N SonNI!, BISWAJIT SARKAR?>*, AMALENDU SINGHA MAHAPATRA® AND
S.K. MAZUMDER*

Abstract. This article investigates the effects of lost sales reduction and quality improvement in
an imperfect production process under imprecise environment with simultaneously optimizing reorder
point, order quantity, and lead time. This study assumes that the demand during lead time follows
a mixture of normal distributions and the cost components are imprecise and vague. Under these as-
sumptions, the aim is to study the lost sales reduction and the quality improvement in an uncertainty
environment. The objective function in fuzzy sense is defuzzified using Modified Graded Mean Integra-
tion Representation Method (MGMIRM). For the defuzzified objective function, theoretical results are
developed to establish optimal policies. Finally, some numerical examples and sensitivity analysis are
provided to examine the effects of non-stochastic uncertainty.
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1. INTRODUCTION

In response to significant practical relevance of Japanese Just-in-Time (JIT) philosophy, substantial research
studies have been undertaken on inventory system with controllable lead time and quality improvement. From
production inventory management view point, the ultimate goal of JIT is to produce small lot sizes with perfect
quality products. The goal of JIT is naturally realized if the sufficient investments are made to shorten the
lead time and improve the quality of product. Consequently, many scholars have incorporated these issues for
the development of realistic production inventory models. Liao and Shyu [1] first developed an inventory model
in which lead time is a unique decision variable and the order quantity is predetermined. Subsequently, many
researchers (Ben-Daya and Raouf [2], Ouyang et al. [3], Moon and Choi [4], Hariga and Ben-Daya [5], Ouyang
and Chuang [6], Chu et al. [7], Lee et al. [8], and Lin [9]) discussed several optimal inventory policies with
lead time reduction under different assumptions. In literature, Porteus [10] and Rosenblatt as well as Lee [11]
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are the first, who explored a significant relationship between quality imperfection and lot size. Later, many
scholars, such as Keller and Noori [12], Moon [13], Hong and Hayya [14], Ouyang and Chang [15], further
analyzed inventory model considering this issue. Besides, Ouyang et al. [16] studied the combined effects of lead
time reduction, setup cost reduction, and quality improvement in the lot size reorder point model. Sarkar and
Moon [17] extended their work and investigated the relationship between quality improvement, reorder point,
and lead time with variable backorder rate in an imperfect production process.

During lead time, the demand of different customers is not identical and thereby it is more reasonable to
employ mixture distribution approach to describe the lead time demand than single distribution. This approach
has been utilized by Wu and Tsai [18] to extend the model of Ouyang et al. [3]. Lee [19] developed an inventory
model involving controllable backorder rate and variable lead time demand with mixture of distributions. Later,
Lee et al. [20] extended the model of Wu and Tsai [18] for variable lead time demand with the mixtures of
normal distributions and considered backorder rate as variable. Wu et al. [21] relaxed the assumption in Lee
et al. [20] about the form of the mixture of distribution functions of the lead time demand and considered any
mixture of distribution functions of the lead time demand to establish optimal policies using minmax criterion.
Cobb [22] presented a mixture distribution procedure for the lead time demand in a continuous review inventory
model. Moreover, some authors advocated capital investment to secure more backorders by reducing lost sales
rate. In this context, Lin [23] formulated a continuous review inventory model for mixtures of distributions with
defective goods and analyzed the effects of increasing investment to reduce the lost sales rate.

The cost parameters in aforesaid studies are assumed to be precisely known. However, in reality, precise values
of the cost components are rarely available as they may be vague or imprecise. To cope up it quantitatively
with imprecise available information to manage successful inventory, fuzzy set theory has been widely applied
in the study of various inventory models. The articles presented by Hseish [24], Kao and Hsu [25], Tutuncu
et al. [26], Vijayan and Kumaran [27], Handfield et al. [28], Shah and Soni [29], and Nezhad et al. [30], Kumar
et al. [31], Kumar and Goswami ([32,33]) are worth mentioning in this regard. Combining randomness and
fuzziness in model formulation, Dey and Chakraborty [34] presented a fuzzy random continuous-review system
wherein investment to reduce the setup cost and improvement of process quality have been incorporated. They
considered complete backorder case with constant lead time. Kumar and Goswami [35] investigated the impact
of a continuous review production-inventory system with finite production rate and stochastic/ fuzzy stochastic
demand rate on the reorder level strategy. Moreover, Kumar and Goswami [36] studied a fuzzy random economic
production quantity model for imperfect quality items with possibility and necessity constraints. We refer the
reader to Wong and Lai [37] in which a survey of the application of fuzzy set theory in production and operations
management has been carried out.

This study extends the work of Wu and Tsai [18] and proposes a model to allow for (1) investments to reduce
lost sales rate and improve the process quality as well as (2) an imprecise cost parameters to tackle the reality
in more effective way. The rest of this paper is organized as follows: Section 2 briefly reviews of basic concepts
about fuzzy set. Section 3 describes a fuzzy expected value model along with solution methodology. Section 4
furnishes numerical examples and discusses the results. Section 5 provides conclusions and further extensions.

2. NOTATION AND ASSUMPTIONS

The following notations are used to develop this model.

2.1. Decision variables

Q@ Order quantity (units).

r Reorder point.

L Replenishment lead time (days).

p Fraction of shortages during the stock out period that will be lost, 0 < p < 1.

0 Probability of the production process which may goto out-of-control state during producing a lot.
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2.2. Parameters

WSS QR

Expected demand per year (units).

Ordering cost per order which is TFN represented by A = (A — 622, A, A 4 64" ($/order).

Mean of the lead time demand.

Standard deviation of the lead time demand.

Weight of the component distributions, 0 < p < 1.

Holding cost per unit per year which is TFN represented by h = (h — 6%, h, h + 6) ($/unit/unit time).
Cost of defective items per unit which is imprecise in nature and characterized by 5§ = (s — 03, s, s + 03)
(8/defective item).

Shortage cost per unit short which is TFN defined by 7 = (7 — 07, 7, 7w + 63 ) ($/unit shortage).
Marginal profit (i.e., cost of lost demand) per unit which is TFN defined by 7o = (mo — 67°, 70, 7o + 05°)
($/unit).

Original fraction of shortages that will be lost.

Initial probability of the production process which may go to out-of-control state during producing a
lot.

Annual fractional cost of capital investment per unit per order, 0 < o < 1 ($/unit/order).

I(p,0) Lost sales reduction and capital investment required to reduce the lost sales fraction from pgy to p and

the out-of-control probability from 6y to 6.

Length of the lead time with components i = 1,2,...,n (days).

Component of the lead time with u; as the minimum duration (days).
Component of the lead time with v; as normal duration (days).

Component of the lead time with ¢; as crashing cost per unit time ($/unit time).
Mathematical expectation of (.).

max{z,0}

The following assumptions are considered to develop this model.

. We consider that the lead time demand X follows the mixture of normal distributions (Lee [38]) with

probability density function given by

1
V2roV/L

z—p1 L

flx)=p e BETAT L (1 - p) e F (2.1)

where 1 — o = noV'L, n>0,zeR 0<p<1, c>0. However, the mixture of normal distributions is
hold for all p if (1 — p2)?) < 270%/8L (or 0 < n < /27/8) (Everitt and Hand [39]).

. The lead time L has n mutually independent components, each having a different crashing cost for reducing

lead time. The ith component has a normal duration v; and the minimum duration u; with crashing cost
per unit time ¢; with ¢; < ¢ < ¢3 < ... < ¢,. The lead time demand X follows a mixture of normal
distribution.

. Let Ly = Z?Zl v; and L; be the length of the lead time with components 1,2,...,¢ crashed to their

minimum duration. Then, L; is assumed as L; = Ly — Z;Zl(vj — u;) and the lead time crashing cost per
cycle R(L) is expressed as R(L) = ¢;(L; — L) + Z;;ll cj(vj —uj) for i =1,2,3,....,n.

. The reorder point r = expected demand during the lead time + safety stock (SS) and SS = k(standard

deviation of the lead time demand) in which k is a safety factor, where r = p.L + kowvVL and p, =
_ png

pra+ (L= p)pz, o0 = /T+p(L = p)iPo, = o + (1= p) B2, pz = o — 2J2.

. Logarithmic expressions are used for both quality improvement and lost sales reduction.
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3. MODEL FORMULATION

This study extends the work of Wu and Tsai [18] for variable lead time demand with mixture of normal
distribution. Based on Wu and Tsai [18], the associated cost of the model is

C(Q,r,L) = ordering cost + holding cost + stock out cost + lost sales cost + crashing cost

A;Hl(gﬂﬂﬁ{p m@(#t*;ﬁﬂlp)n) ¢<M*;FL+(IP)17)]

ro® <”;E —pn) —¢ (”;@ —m)

[m + mo(1 — B)|D ot D
+ 5 B(X =) + GR(D) (3.1)

+(1—p)

} +(1-BEX - 7")*)

where the expected shortage at the end of the cycle length is given by

E(X —-r)t = /00(33 —r)f(x)dx = ax/Z!I/(rl,rg,p) (3.2)

where W(r1,75,p) = p{6(r) — 111 = S(r)]} + (1= pH{o(r2) — rall = Blra)]}, 1y = ZBL = =B:L (1 _p)y
and ro = T;\*}%L = T;\‘j*zL + np; ¢ and @ denote the standard normal p.d.f and cumulative distribution function
(c.d.f), respectively.

After the incorporation of defective item cost, (Sarkar et al. [40]), the expected number of defective items in a

lot size @ is {Q — 9(%0@)} (See for instance Appendix A).

Then, the expected annual total cost can be expressed as

sDQH-
2

M(Q,r,L)=C(Q,r, L)+ (3.3)

For notational convenience, we denote the lost sales rate by p(= 1 — ). Moreover, we consider the following
logarithmic investment function for investment in quality improvement which was introduced by Porteus [10]

I(G)zbln(%o) for 0 < 8 <6y

and for lost sales reduction

I(p)=V In (Po) for 0 < p < po
p
Hence, the total investment for quality improvement and lost sales reduction becomes as follows:

I(p,0) =I(0)+I(p)=U—>blnb—Vinp
where U = b In(6p) + V In(po).

When the lost sales rate and probability of out-of-control state in (3.3) are considered to be one of the decision
variables rather than given, we seek to minimize the sum of investment for quality improvement and lost sales
reduction and associated inventory cost as defined in (3.3). That is, for the inventory model associated with
investment in lost sales reduction and quality improvement, the cost function for new model can be formulated
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as

EQ,r,0,p,L) =a(U —blnf —Vinp)+ (A+ R(L))

+h<§+0\/f{p lmqﬁ (“*;E+(1_p)n> —¢<”*;E+(1—p)n>1

ro® (LL;E —m) —¢ (M —m)

g

Ol

+(1—p)

} + paﬁ@(rl, rg,p)>

+ 7[7T +g20p]D0'\/Z!I/(T1, ’I“g,p) + 3D2Q0 (34)

Therefore, crisp optimization problem for the new model can be defined as

Minimize E(Q,r,6,p, L)

subject to 0 < 8 < and 0 < p < pp. (3.5)
3.1. Model under fuzzy cost parameters

This article considers cost parameters of the model as imprecise in nature. When parameters
A, h, 7, m, and s treated as triangular fuzzy numbers (as per assumptions), the above cost function de-
fined in (3.4) becomes TFN. Thus, the problem defined in (3.5) can be constructed under fuzzy framework as
follows:

Minimize E‘(Q, r,0,p,L)
subject to 0 < 8 < 0y and 0 < p < pg (3.6)

where 177(6277“797/)7 L) = (Ey, Es, E3). Here, Ey, F5 and Ej5 are all positive real valued functions of (Q,r,6, p, L)
satisfying the condition

El(Qa T 0; Ps L) < E2(Q7 T, 97 P L) < E3(Qa T, 0, Ps L)
Using Function Principle (see, Chen [41]) the values of E;(Q,r,0,p, L) for i = 1,2, and 3 are as follows:

Fu(Q,r,0,p,L) = a(U — bInd — Vinp) + (A — 52 +R(L))g

+ (h =) <C§+0\FL{p lm@ (M*;EJr(lp)n) gb(u*;/EwL(lp)n)]

+(1—p) |r2® (”;ﬁ —m) —¢ <M;E —m) } + poﬁ@’(mrmp))
oo (g) —OPIAD T, g, p) + SO DRE 5§)DQ9, (3.72)
Ea(Q,7,0,p, L) = a(U — bInd — Vinp) + (A+R(L))g
+h <§+aﬁ{p rd (”*;E+(1—p)n> — ¢ (“*U‘E+(1—p)n>]
+(1—p) |r2® (lL;E —m) —¢ (lloﬁ —m) } + PU\FLW(TMT%I?))
N [w+gop]Daﬁg,(rw27 P) + % , (3.7b)
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>

Es3(Q,r,0,p,L) =a(U —bInf — Vinp) + (A+ 6 + R(L)) =

O

+(h+6§) (ngm/Z{p rP <'u*;/z+(1p)n> q&(ﬂ*;/er(lp)n)]
+(1 —p) |r2® <“;/E pn) -9 (H;E pn) } + poﬁ@(mm,p))
+ T B0 0D o T ) + PP (3.7¢)

3.2. Defuzzification by modified graded mean integration representation

Suppose ¢ = (a,b,¢) be a triangular fuzzy number. Then, according to Chen and Hsieh [42], the modified
graded mean integration representation of £ is given by

CAa+2b4 (1 - M)

P(E) .

(3.8)

where A\ € [0,1] is called decision maker’s attitude or optimism parameter. The value of A closer to 0 implies
that the decision maker is more pessimistic, whereas the value of A closer to 1 means that the decision maker
is more optimistic.

Hence, the fuzzy cost function with decision maker’s A-preference is represented by PA(E (Q,r,0,p,L)) and is
obtained by the formula (3.8), which is as follows:

. AE +2E5 + (1 — )\)Eg

P)\(E(Q7T7eap7[’)) 3 (39)
Thus, the optimization problem addressed in this paper is
Minimize P,\(E(Q, r,0,p,L))
subject to 0 < 8 < 0y and 0 < p < pp. (3.10)

From here, we first ignore the constraints and solve the non-linear program with an analytical method and
calculate all the partial derivatives of the P\(E(Q,r, 6, p, L)) with respect to decision variables. After that, we
incorporate the restrictions. By taking partial derivatives of P\(E(Q,r,0,p, L)) with respect to Q, L,r, p, 0, we
have

6PA(E(%(39,0, L) 5@; n % _ D"ﬁg&l’”’p)w DG% (3.11)
8PA(E(Q(§:’9”0’ L) _ g{z@ (Nf +(1 —p)n> +(1—p)o (”f —pn> }

N [G*(rg) -1 o+ E} (3.12)
aPA(E(Qg; 0,m,L) %b n D?E (3.13)
OPE@rb8pL) _ oV DovL, =~ o VI (3.14)

ap p 3Q 3
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{ ( (1 —p)n> —¢ (u;ﬁ +(1- p)n) }
m)o(5 ) )
L pn}¢ (H;E +(1- p)n)

“*;E —pn}cb (”;@ —m)

where G, (1) = p®(r1) + (1 — p)®(r2) and [See Appendix for A, 7,7y, h, 3.
It is to be noted that Py (E(Q7 r,0,p, L)) is convex with respect to p, keeping other variables fixed, as

OP\(E(Q,7,0,p,L))
oL B

i
i

T2
1+

{
p{r
)

fish
6
1— +UW(T1,T2,Z))

6vVL

+
+(

(3.15)

— D7
h+ ——
PRI

o~
P
d A(E(gl;;ze,m L) _ 6;‘2/ > 0. (3.16)

Also, by calculating the 2nd order sufficient conditions, it can be shown that P,\(E(Qﬂye,p7 L)) is not a
convex function for L because 2nd order partial order derivative of P\(E(Q,r,0,p, L)) with respect to L is
negative. That is, Py(E(Q,r,0,p, L)) is concave in L € [L;, L;_1] for fixed (Q,r,0, p).

As
82PA(E(§LZ70’[)7L)) = - L;f; {p (7’143 <”f +(1 —p)77> — ¢ (”*ﬁ +(1 —p)n>>

+(1—-p) (7“245 (”f —pn) —¢ (“f —m)) }

+ /i;i¢ (Mf +(1 —p)n> {M;E (Mf +(1 —p)n>

X <r1 + M*;E +(1 —p)77> - (7“1 + 2p VL +(1 —p)n) }

N (1 = p)h (u*ﬁ —m) {u*\@ (u*ﬁ )

12L o o o
X (7"2 + ﬂ*f pn) — (7“2 + QM*\/E > }

v — D7
+0' (7'177;2719) (,Dh+7r>
12L%

<0, if —pn > V2. (3.17)
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Thus, the optimal value of Py (E(Q,r,@,p, L)) occurs at the end points of the interval [L;, L;_1]. On equating
first three partial derivatives equal to zero, one can obtain

QZ@[Z—U\E!P(H,TQ, D) F[h—l—D@s}ié (3.18)
1G] =T {p@ (”f +a —p)n) +1-po (“f —pn> }
D7
6ab
=505 (3:20)

It is to be noted that for fixed L, the convexity of PA(E(Q7 r,0,p, L)) is not guaranteed for the point (Q,r, 0, p).
However, for fixed (p, L) we can establish following lemma.

Lemma 3.1. For fixed p and L € [L;, L;_1], the Hessian matriz for P (E(Q, r,0, L)) is always positive definite
at the optimal values (Q*,r*,6%).

Proof. See Appendix B.
From last equations, it is clear that the value of 6 is positive. Based on the restrictions on 8 and p, we have
four conditions for a given L € [L;, L;_1] as

1
2
3
4).

If 0* < 6y and p* < po, then (Q*,r*, 0%, p*, L*) is an optimal solution.

If 6 > 6y and p* < pg, then it is not profitable to invest in the quality improvement process, i.e., 8% = 6.
If 6* < 6y and p* > pg, then the initial setup cost is an optimal setup cost, i.e., p* = pg.

If 0* > 6y and p* > pg, then we do not consider any investment to reduce setup cost or to improve quality,
i.e., and p* = pg.

A,.\,.\,.\
= —

Consequently, we can establish following algorithmic procedure to identify the optimal point (Q*,r*, 6*, p*, L*).

Algorithm
Step 1. For each L;,i =0,1,...,n, perform (i) to (ii).

(i) For a given lost sales rate pg, we divide the interval (0, po] into m equal subintervals, where m is large
enough and let p; 1, = po — jpo/m

ii) For each p;r,,j =0,1,...,m, execute (iii) to (vii).

111) Set rji1 = 0.

iv) Substitute rj; and 6 from (3.20) into (3.18) to determine the value of @Q;1.

v) Use @;1 to obtain values of 7j5 and 6;;.

vi) Repeat (iv) and (v) until no change occurs in the values of Q;,r; and 0;.

vii) Set (Q,; L 777"[)]7L,)9pj7 ) =(Qj,7j,6;).

Step 2. Set 0,, 1, = min{@o,ﬁpj’Li}

Step 3. Compute corresponding Py (FE (

Step 4. Set PA(E(QL”TLiaHL”pL )
(@

(
(
(
(
(
(

Qp;.Li>Tp; L 1,9pJ7LL,,0J, i) from (3.9) for j =0,1,...,m
)= min P)\( (ij, i7ijaLi79pj7Li’pj7Li))

Step 5. Compute corresponding P,\(E 1’TLi’0Li’pLi’ L;)) from (3.9) for i =0,1,...,n
Step 6. Set P)\(E(Q*’T*ve*ap*al/*)) = _70I1’111n PA(E(QLNTLNeLivmeLi))7 then (Q*vT*va*ap*aL*) is the

vvvvvv

optimal solution.
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4. NUMERICAL EXAMPLES

Example 4.1. To illustrate the above solution procedure, we consider the following parametric values as:
D = 600 units per year, A = $200/order, 67 = 20, 65 = 30, h = $20/unit, 6 = 5, 64 = 7, 7 = $50/unit,
T =17,05 =5, mp = $150/unit, 67° = 20, 63° = 12, s = $75/unit, §5 = 12,65 =9, 0 =7 p = 11, n = 0.6,
b=100,V =125, p=1, 0 = 0.002, A = 0.5 a = 0.1 and the lead time has three components with data as
shown in Table 1.

We assume pj 1, = po—jpo/m,j =0,1,2,...,m and take m = 1000. Applying the procedure of the proposed
algorithm for p = {0,0.25,0.5,0.75, 1}, the optimal solution is listed in Table 2.

From Table 2, the optimal inventory policy can easily be determined by comparing
P\(EQpr,,7L;,09L,,pL;,L:)),i = 0,1,2,3. Moreover, it is to be noted that the model considers only one kind of
customers’ demand whenever p = 0 or 1, while the model considers two kinds of customers’ demand whenever
0 < p < 1. It implies that Px(E(QL,,7L;,0L,,pL;, Li)) for two kinds of customers’ demand is higher than that
of one kind of customers’ demand. The results obtained in Table 2 reflect this feature. That is, as p increases
P\(E(QL;,7L;,0L,,pL;, Li)) increases and then decreases.

Example 4.2. In this example, we study the effects of investing in lost sales rate reduction. We fix p = 0.5
and consider the same set of data as in Example 1. Applying the procedures as proposed in the algorithm, the
optimal results are shown in Table 3. Furthermore, we list the optimal results of the no-investment policy (fixed
lost sales rate) in the same table to demonstrate the effects of investment in lost sales rate reduction. Based on
the computational results shown in Table 3, we can observe that the savings, ranges from 0.87 to 3.62%, can be
achieved by controlling the lost sales rate through investment.

Example 4.3. This example studies the effect of decision maker’s attitude or optimism parameter, A. All
the parameters are identical to those in Example 2. Computational results are summarized in Table 4 for
A €{0,0.25,0.50,0.75,1}.

From Table 4, it can be observed that as X increases the optimal reorder point (r*), the optimal order quantity
(Q*), the optimal lost sales rate (p*), and the optimal out-of-control probability (6*) increase whereas annual
total cost PA(E(Q*, r*,0%, p*, L*)) decreases. These results suggest when the attitude of the decision maker is
towards optimistic, i.e., when decision maker takes risks, the total cost incurred by an inventory system reduces.

Example 4.4. This example assesses the impact of the extent of impreciseness in systems parameters over the
decision variables. For this, let us first consider the crisp inventory model with parametric values defined in
Example 1 with p = 0.5 and setting 6; = 63 = 0, 7 = 64 =0, 67 =65 =0, §7° = 65° = 0 and & = &5 = 0.
For these input data, the crisp model gives the optimal result as Q* = 121.63, r* = 64.24, §* = 0.00000365,
p* =0.0346, L* = 4 and associated cost E(Q*,r*, 0% p*, L*) = 2981.98.

The sensitivity analysis is carried out by changing the level of impreciseness in each parameter at a time and
keeping the remaining parameters as crisp, whose values are defined in the above crisp model. This scenario
is suitable, when the decision maker does not find uncertainty in particular system parameter(s) then he/she
can treat that parameter(s) as crisp. The different degree of impreciseness in each parameter resulted in —40%,
—20%, 0%, 20%, and 40% of its defuzzified values (applying (3.8) for A = 0.5) from the corresponding crisp
values. The percentage changes from optimal crisp solution are determined using the measurement of f_—:%,

é—?%, %%, ?—f% and %%. The measurement can be explained as follows: for the measure of é—?%,

where AQ = Q5 — Q., Qf and (. denote optimal order quantity in fuzzy and crisp sense, respectively. Hence,
%% denotes the change in order quantity and can be used to measure this parameter’s sensitivity. Similarly,

the measures of %%, %%, %%, %% and %% indicate sensitivity on reorder point r, lost sales rate
c c c c A -))e

p, out-of-control probability 0, lead time L, and total annual cost, respectively.
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TABLE 3. Optimal solution with and without investment in lost sales reduction for different

HARDIK N

SONI ET AL.

TABLE 1. Lead time data.

Lead time Normal duration Minimum duration  Unit crashing
component i v; (days) u; (days) cost ¢; ($/day)
1 20 6 0.4
2 20 6 1.2
3 16 9 5.0

TABLE 2. Summary of the optimal procedure solution (L; in weeks).

p Li TL; Qr, PL; 0L, Py (E(QLZ sTLy» 0L, Ly, Ly))

8 116.53 117.77 0.0242 0.00000379 3104.26

0.00 6 90.80 117.98 0.0284 0.00000378 3030.75
4 64.22 120.88 0.0355 0.00000370 2993.70

3 50.23 128.69 0.0413 0.00000347 3089.17

8 117.48 118.20 0.0232 0.00000379 3132.90

0.25 6 91.63 118.35 0.0271 0.00000378 3055.60
4 64.90 121.17  0.0337  0.00000369 3013.75

3 50.80 128.94 0.0394 0.00000347 3105.83

8 117.73 118.16 0.0232 0.00000378 3137.17

05 6 91.85 118.31  0.0272  0.00000377 3059.26
4 65.08 121.14 0.0340 0.00000370 3016.52

3 50.96 128.91 0.0396 0.00000347 3107.77

8 117.37 117.98 0.0237 0.00000379 3125.85

0.75 6 91.53 118.16  0.0277  0.00000378 3049.41
4 64.82 121.02 0.0347 0.00000369 3008.31

3 50.75 128.81 0.0404 0.00000347 3100.38

8 116.53 117.77 0.0242 0.00000379 3104.25

1 6 90.80 117.98 0.0284 0.00000378 3030.67
4 64.22 120.88  0.0355 0.00000370 2992.99

3 50.23 128.69 0.0413 0.00000347 3087.14

values of p.
Model with lost sales reduction investment Model without lost sales reduction investment
p L* r* Q* p* 0* Py (E(Q*,r*,0%, p*, L*)) L r* Q* 0* Py (E(Q*,r*,0%,pg, L*)) Saving (%)
02 4 65.08 121.15 0.0339 0.00000369 2996.40 4 67.92 120.66 0.00000370 3022.83 0.87
0.4 4 65.08 121.14 0.0340 0.00000370 3005.07 4 70.15 120.32 0.00000371 3061.74 1.85
0.6 4 65.08 121.15 0.0339 0.00000369 3010.14 4 71.75 120.10 0.00000372 3089.87 2.58
0.8 4 65.08 121.15 0.0340 0.00000369 3013.73 4 72.98 119.94 0.00000373 3111.78 3.15
1.0 4 65.08 121.14 0.0340 0.00000370 3016.52 4 73.98 119.81 0.00000373 3129.67 3.62
TABLE 4. Computation results for A.
AL Q" p° 0" PA(EQ,r",0%,p", L")

0.00 4 64.78 118.00 0.0305 0.00000362 3225.57

0.25 4 64.92 119.51 0.0321 0.00000365 3121.33

0.50 4 65.08 121.14 0.0340 0.00000370 3016.52

0.75 4 65.24 122,92 0.0360 0.00000372 2911.07

1.00 4 65.42 124.87 0.0383 0.00000376 2804.91
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TABLE 5. Sensitivity analysis when one parameter is imprecise (p = 0.5).

Parameter  Fuzzy Numbers P(.) % Change %% f—:% Qo %% %f% APAEWL) o

Qo Pr(B()e
(100, 114, 170)  121.0 —40 0 245 —18.89  4.95  23.32 —14.43
_ (146, 156, 198)  161.3 —20 0 1.09  —08.73 227  09.48 —06.69
A (180, 200, 220)  200.0 0 0 0 0 0 0 0
(188, 246, 280)  242.0 +20 0 —1.01 0866 —176 —07.91 06.66
(220, 289, 318)  282.3 +40 0 —1.85 1635 —345 —14.16 12.59
(8, 11.3, 20) 122 —40 0 392 2600 9049 —20.75  —23.57
(12, 15.9, 22) 16.3 —20 0 1.61 1009 3021 —09.27  —10.70
3 (15, 20, 25) 20.0 0 0 0 0 0 0 0
(18, 24.6, 30) 24.4 +20 0 —1.53 —08.75 —21.79  09.53 11.61
(21, 28.7, 35) 28.5 +40 0 —273 —1496 —3525 17.52 21.62
(20, 29.7, 40) 29.8 —40 0  —675 065 —47.06 —0.74 —2.15
(28, 40.6, 48) 39.7 —20 0 —287 026 —2431 —0.31 —0.93
7 (45, 50, 55) 50.0 0 0 0 0 0 0 0
(50, 60.65, 65)  59.6 +20 0 209 —0.17 2374  0.08 0.68
(56, 70.8, 78) 69.5 +40 0 385  —0.32 4883  0.34 1.25
(70, 86.3, 120) _ 089.2 —40 0 0 —0.01 6544  —0.08 —0.21
(90, 119.65, 145)  118.9 —20 0 0 0 2544  —0.09 —0.09
o (130, 150, 170)  150.0 0 0 0 0 0 0 0
(160, 177.6, 200)  178.4 +20 0 0 001 —1544 —0.10 0.07
(185, 203.45, 250)  208.1 +40 0 0 001  —27.24 —0.05 0.13
(39, 42.3, 60)  044.7 —40 0 0 0 015 67.77 ~0.17
(45, 60.65, 70)  059.6 —20 0 0 0 021  25.90 —0.08
5 (65, 75, 85) 75.0 0 0 0 0 0 0 0
(70, 89.1, 110)  089.4 420 0 0 0 013  —16.13 0.06
(90, 100.2, 135)  104.3 +40 0 0 0 014  —28.20 0.11

The results of sensitivity analysis are shown in Tables 5 and 6. A careful study based on the computational
results shown in Table 5 reveals the following points:

(1). As the degree of impreciseness of ordering cost (A) varies, the optimal order quantity (Q), the out-of-control
probability (#) and associated cost in fuzzy sense are highly sensitive whereas reorder point (r), and lost
sales rate (p) are moderately sensitive.

(2). The percentage changes in the level of fuzziness in the holding cost (h) causes significant changes in the
total cost and 6 whereas, the values of @) and p show noticeable negative variations in the optimal results.

(3). The variations in the degree of fuzziness in w and 7y resultes in positive and negative variations in the
value of p, respectively.

(4). Higher sensitivity has been observed in the value of 6 as the degree of impreciseness of s varies.

Moreover, Table 6 shows variations in the optimum decision variables and the optimal cost due to impreciseness
in all cost components of the model with absolutely pessimistic (A = 0), neutral (A = 0.5), and absolutely
optimistic (A = 1) attitude level.

It can be observed, irrespective the value of A\, that p and 6 show remarkable negative variations with respect
to variations in the level of fuzziness of all the parameters, the optimal cost register noteworthy changes in the
same directions with respect to increase in the level of fuzziness of all components. This is a realistic outcome as
the fuzzy annual cost considers uncertainty due to lack of information. Hence, if the uncertainties are accounted
for in apt manner the fuzzy annual cost increases as compared to the crisp case.

Furthermore, significant difference in the percentage changes from crisp case can be observed for absolute
pessimistic and optimistic decision policy. The results under absolute pessimism show that percentage changes
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TABLE 6. The percentage change in optimal policy from the crisp case when all parameters are

Fuzzy (p = 0.5).
A % change in all parameters %% %T% %% %% %f% %%

—40 0 —-0.17 —1.02 49.53 57.19 —28.75

—20 0 —0.12 —-1.73 13.88 20.01 —11.32

0 0 0 —0.70 —-298 —11.93 —-00.91 08.17
+20 0 —0.79 —2.08 —26.63 —20.38 28.16

+40 0 —-0.71 —2.79 —-37.92 —-31.12 48.07

—40 50 41.56 —2.28 40.26 71.68 —36.71

—20 0 —00.06 0.65 26.27 24.97 —17.65

0.5 0 0 —00.25 —0.40 —-01.69 01.25 01.16
+20 0 —00.37 —1.10 —-19.82 —15.26 19.92

+40 0 —00.46 —1.61 —32.19 —-27.04 38.66

—40 50 42.35 1.36 71.51 79.61 —44.86

—20 0 0.04 3.48 42.08 30.70 —24.02

1 0 0 0.28 2.66 10.72 02.92 —05.94
+20 0 0.10 0.04 —11.54 —9.39 11.66

+40 0 —0.17 —0.24 —25.31 —22.45 29.23

in fuzzy cost is significantly higher than that of crisp case. This result suggests that if the decision maker has
less information about system parameters and outcomes, it is worthwhile to select optimistic decision policy
(0.5 < p < 1) for decision making.

5. CONCLUSIONS

The model extended the work of Wu and Tsai [18] by considering imprecise cost components. This paper
considered the logarithmic investment functions for lost sales reduction and quality improvement with two
restrictions. The fuzzy cost function was defuzzified using MGMIRM. By analyzing the defuzzified cost function,
a lemma was developed to identify the optimum value of decision variables. An efficient algorithm was designed
to obtain the numerical results. Finally, some numerical examples were provided to illustrate the proposed
model. Numerical results indicated that the saving of total cost were obtained through lostsales reduction. The
effect of impreciseness on the optimal solution was examined through numerical example. Higher sensitivity in
decision variables and associated cost function has been observed due to impreciseness of ordering and holding
cost. Moreover, decision variables and cost function were found highly sensitive whenever all system parameters
exhibit fuzziness simultaneously where, optimistic decision strategy was more advantageous than pessimistic
decision strategy. The proposed model and results of this model could help the decision maker in seeking business
edge in an uncertain environment depending on his risk attitude. While this research generalized the inventory
model by Wu and Tsai [18], further investigations may be conducted in a number of directions. For instance,
we may extend the proposed model to allow for vendor-buyer, multi-vendor, multi-buyer, and multi-product
problems under fuzzy environment. Also, it would be interesting to examine the difference between different
defuzzification techniques within these assumptions like quality improvement [43,55], fuzzy demand [44], delay-
in-payments [46], service label constraints [47], imperfect production system [45,48-54].
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APPENDIX A.

Asf=1-10is approximately 1, we use the Taylor series expansion of 69 and obtain

[(In 0)QJ?

69 = emNQ = 1 4 (Inh)Q + 5

Hence, we have the number of defective items

0(1—69)
C-
_o- 1-1-(nf)Q - e
0
2] 92 2
_ o 19
0
92 2
0
_ e
2
The expected annual defective cost is
)(1 — 09
0Q
sD (1 —1-(nd)Q — W)
—sD—
S 70
2 A 5 R N2
" [Since D= 1-02 1 and 09 = 92 21 4 (d)q + 0

0Q
92@2
L sD (0Q - ©2)
0Q
=sD —sD (1 — 9262)
sDQQ_
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APPENDIX B.

Proof of Lemma 1
We compute the Hessian matrix at the optimal values for a given L € [L;, L;_1] and fixed p, as follows:

O?P\E*(-) 0°PAE*(-) 9*P\E*(")
002 0Qrorr  0Q 00"
OPP\E*(-) 0°PA\E*(-) 9*P\E*(")
Ir*0Q* or=2 dr06*
PPAE*()) 9*P\E*(-) 0*PAE*(")
96+0Q*  96*or* 96+2

H33 = det

where PAE’V*(o) = PAEV*(Q*, r*, 0%, L). The second order partial derivatives at the optimal values are

2P\E*(Q*,r*,6% L) [ 2D

00+? 3Q*3] [ZJFU\FLW(T’l,Tz,P)ﬂ

O*PAE(Q*r",6%, L) 1 D7
B i 2 [potr) + (1= p)otra)]
2PyEX(Q*,r*,0%,L)  ab
a6+> 62
OPPPAES(Q,r, 0%, L) _ OPPAES(Q,*, 0%, p*, L) _ [1 = Gu(r)| D7
0Q*0r* N or*o0Q* 3Q)*2
*PAE*(Q*,r*,0°,L)  O*PAE*(Q*,1*,0%,p*,L) D3
0Q*06* B 96*0Q* "6
O2PAE*(Q*,7*,0%, L)  9*P\E*(Q*,r*, 0%, L) 0
dr*00* B 96" or* B
where
A=XNA-6 +R(L) +2(A+R(L) + (1 = N\)(A+ 65 + R(L))
T = AN — 07 + (7m0 — 07°)p) + 2(7 + mop) + (1 = N) (7 + 65 + (70 + 35°)p)
E =

(

(

(h— 6" +2h+ (1 = N)(h +6%)
(mo — 01°) + 2m + (1 — A)(mo + 65°)
(

s—0])+2s+ (1 —=N)(s+3)

The first principal minor at the optimal values are

2 Tow () % g %
det(H1) = det (a Py E (gQ’IQ"’ » ,L))

2D 1— B
= 307 |:A+O'\/ZW(T’1,7’2,]))7T:| >0
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k

25 3.0

FIGURE 1. The behaviour of ¥(k,p,n) for different values of p and 7.

This first principal minor is greater than zero because all terms are positive.

PPyE*() 9*PyE*()

_ 0Q*2 oQ*or*
det(HQQ) — det BZPAE",;() 82PAE‘-;()

Ir*0Q* or*2
=wr —1?
where
w= 32[:3 [Z—F U\/EW(HJ%PW]
1 — D7
r= o o G| [t + (- o)
{Dw{l — G*(r)}]
V=|———|.
3Q*°
After some simplifications, we obtain
T B _
D7h
) [po(r) + (1 p)o(ra)]
D*7?

+ 90T {2W(r1,r2,p) [W(h) +(1 —p)qb(rz)} — [G*(r) - lr} .

Asry = k14 p(1—p)n? — (1 —p)y and ro = k\/1 4 p(1 — p)n? + pn, we can write ¥(ry,rq,p) = U(k,p,n).
The behaviour of ¥(k,p,n) is shown in Figure 1. It is to be noted from the Figure 1 that ¥(k,p,n) is de-
creasing function of k and increasing function of 7 for fixed p. Moreover, ¥(k,p,n) > 0 (by examining stan-

dard normal table) for all k € [0,00),p € [0,1] andn € (0, %7) Besides the behaviour of & (k,p,n) =
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035 .

-0 T
Ce-2g)

FIGURE 2. The behaviour of &;(.),&(.) and &;(.)

20 (k,p,m)[pd(r1) + (1-p)o(r2)], &2(k,p,n) = [pP(r1)+(1—p)P(r2) —1]* and &(k, p,n) = &1 (k, p,n) —&2(k, p,n)
is depicted in Figure 2 for fixed p. Note that Figure 2 shows that though the values of & (k, p,n), & (k, p,n) and
&3(k,p,m) are small (< 0.40), they are positive, and as k — 0, & (k, p,n), & (k, p,n) and &5(k, p, ) approaches to
0". Hence, det(Haz) > 0.

O?P\E*(-) 0°PAE*(-) 9*P\E*(")
002 0Q*or*  0Q 00"
OPP\E*(-) 0°PAE*(-) 9*P\E*(")
ar*oQs  or2 dr+ 00
OPP\E*(-) 0°PAE*(-) 9*PyE*(")

96+0Q* 96~ or* 90+>
2D

=30 [Z + oV LW (1,79, p)ﬁ]

det(H33) = det

X &na/»z@ﬂ [ph—i— g?*r] []Xf)(ﬁ) + (1 - p)(b(rz)}

ab [Dw{l — G*(r)}r D%

9*2 3Q*2 36
1 — D7
X = [ph + Q*} [qu(m) +(1 —p)aﬁ(rz)}
_ (@b, DY b,
- (9*2‘”_36) Tt

Therefore, it is enough to show

ab D*3? ab 4
0*72(.4.} — W T > 0*2V .
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Now
(e DY [0 () 22,
> ;TbQ [32133 (Z-i-U\/EW(rl,rg,p)f) - 553} T
> ;Tl; |:32QD*30'\/ZW(T1,T2,]7)7T— S*bg] T
> ;ﬁjj;iwm,mm [paﬁ(n) +(1 —p)qs(rg)] if (2DA > 3ab)
> HoiggD;i [1—G.(r))? since 20(ri,72,p) {pqﬁ(rl) + (1 =p)o(ra)| > [1 — Gu(r)]?
> ;I; V2

Hence PyE*(Q*,r*,6%,L) is a convex function for a given L € [L;, L;_1] and fixed p.

Acknowledgements. This research was supported by Basic Science Research Program through the National Re-
search Foundation of Korea (NRF) funded by the Ministry of Education, Science and Technology (Project Number:
2017R1D1A1B03033846).

(1]

2]
(3]

4
B
]
17
g
9
[10]
1]
2]
[13]

[14]
(15]

[16]
7]
18]

(19]

REFERENCES

C.J. Liao and C.H. Shyu, An analytical determination of lead time with normal demand. Int. J. Oper. Prod. Manag. 11 (1991)
72-78.

M. Ben-Daya and A. Raouf, Inventory models involving lead time as decision variable. J. Oper. Res. Soci. 45 (1994) 579-582.
L.Y. Ouyang, N.C. Yeh and K.S. Wu, Mixture inventory model with backorders and lost sales for variable lead time. J. Oper.
Res. Soc. 47 (1996) 829-832.

I. Moon and S. Choi, A note on lead time and distributional assumptions in continuous review inventory models. Comput.
Oper. Res. 25 (1998) 1007-1012.

M. Hariga and M. Ben-Daya, Some stochastic inventory models with deterministic variable lead time. Furo. J. Oper. Res. 113
(1999) 42-51.

L.Y. Ouyang and B.R. Chuang, Mixture inventory model involving variable lead time and controllable backorder rate. Comput.
Ind. Eng. 40 (2001) 339-348.

P. Chu, K.L. Yang and P.S. Chen, Improved inventory models with service level and lead time. Comput. Oper. Res. 32 (2005)
285-296.

W.C. Lee, JJW. Wu and C.L. Lei, Computational algorithmic procedure for optimal inventory policy involving ordering cost
reduction and back-order discounts when lead time demand is controllable. Appl. Math. Comput. 189 (2007) 186—200.

Y.J. Lin, Minimax distribution-free procedure with backorder price discount. Int. J. Prod. Econ. 111 (2008) 118-128.

E.L. Porteus, Optimal lot sizing, process quality improvement and setup cost reduction. Oper. Res. 34 (1)(1986) 137-144.
M.J. Rosenblatt and H.L. Lee, Economic production cycles with imperfect production processes. IIE Trans. 18 (1986) 48-55.
G. Keller and H. Noori, Impact of investing in quality improvement on the lot size model. Omega. 15 (1988) 595-601.

I. Moon, Multi-product economic lot size models with investments costs for setup reduction and quality improvement: review
and extensions. Int. J. Pro. Res. 32 (1994) 2795-2801.

J.D. Hong and J.C. Hayya, Dynamic lot sizing with setup reduction. Comput. Indus. Eng. 24 (1993) 209-218.

L.Y. Ouyang and H.C. Chang, Impact of investing in quality improvement on (Q, r, L) model involving the imperfect production
process. Prod. Plan Cont. 11 (2000) 598-607.

L.Y. Ouyang, C.K. Chen and H.C. Chang, Quality improvement, setup cost and lead time reductions in lot size reorder point
models with an imperfect production process. Comput. Oper. Res. 29 (2002) 1701-1717.

B. Sarkar and I. Moon, Improved quality, setup cost reduction, and variable backorder costs in an imperfect production process.
Int. J. Prod. Econ. 155 (2014) 204-213.

J.W. Wu and H.Y. Tsai, Mixture inventory model with back orders and lost sales for variable lead time demand with the
mixtures of normal distribution. Int. J. Sys. Sci. 32 (2001) 259-268.

W.C. Lee, Inventory model involving controllable backorder rate and variable lead time demand with the mixtures of distri-
bution. Appl. Math. Comput. 160 (2005) 701-717.



836 HARDIK N SONI ET AL.

[20] W.C. Lee, J.W. Wu and C.L. Lei, Computational algorithmic procedure for optimal inventory policy involving ordering cost
reduction and back-order discounts when lead time demand is controllable. Appl. Math. Comput. 189 (2007) 186—200.

[21] J.W. Wu, W.C. Lee and C.L. Lei, Optimal Inventory Policy Involving Ordering Cost reduction, back-order discounts, and
variable lead time demand by minimax criterion. Math. Prob. Eng. 19 (2009) 928-932.

[22] B.R. Cobb, Mixture distributions for modelling demand during lead time. J. Oper. Res. Soc. 64 (2013) 217-228.

[23] H.J. Lin, Reducing lost-sales rate on the stochastic inventory model with defective goods for the mixtures of distributions.
App. Math. Mod. 37 (2013) 3296-3306.

[24] C.H. Hseih, Optimization on fuzzy production inventory models. Inf. Sci. 146 (2002) 29-40.

[25] C.K. Kao and W.K. Hsu, Lot size-reorder point inventory model with fuzzy demands. Comput. Math. App. 43 (2002)
1291-1302.

[26] G.Y. Tutuncu, O. Akoz, A. Apaydin and D. Petrovic, Continuous review inventory control in the presence of fuzzy costs. Int.
J. Prod. Eco. 113 (2008) 775-784.

[27] T. Vijayan and M. Kumaran, Models with a mixture of backorders and lost sales under fuzzy cost. Euro. J. Oper. Res. 189
(2008) 105-119.

[28] R. Handfield, D. Warsing and X.M. Wu, (Q, r) inventory policies in a fuzzy uncertain supply chain environment. Furo. J. Oper.
Res. 197 (2009) 609-619.

[29] N.H. Shah and H. Soni, Continuous review inventory model for fuzzy price dependent demand. Int. J. Mod. Oper. Manage. 3
(2011) 209-222.

[30] S.S. Nezhad, S.M. Nahavandia and J. Nazemi, Periodic and continuous inventory models in the presence of fuzzy costs. Int.
J. Indus. Eng. Comput. 2 (2011) 167-178.

[31] R.S. Kumar, M.K. Tiwari and A. Goswami, Two-echelon fuzzy stochastic supply chain for the manufacturer-buyer integrated
production-inventory system. J. Int. Man. (2014) 1-14.

[32] R.S. Kumar and A. Goswami, Fuzzy stochastic EOQ inventory model for items with imperfect quality and shortages are
backlogged. Adv. Mod. Opt. 15 (2013) 261-279.

[33] R.S. Kumar and A. Goswami, EPQ model with learning consideration, imperfect production and partial backlogging in fuzzy
random environment. Int. J. Sys. Sci. 46 (2015) 1486-1497.

[34] O. Dey and D. Chakraborty, A fuzzy random continuous review inventory system. Int. J. prod. Econ. 132 (2011) 101-106.

[35] R.S. Kumar and A. Goswami, A continuous review productioninventory system in fuzzy random environment: Minmax distri-
bution free procedure. Comput. Ind. Eng. 79 (2015) 65-75.

[36] R.S. Kumar and A. Goswami, A fuzzy random EPQ model for imperfect quality items with possibility and necessity constraints.
Appl. Sof. Comput. 34 (2015) 838-850.

[37] B.K.Wong and V.S. Lai, A survey of the application of fuzzy set theory in production and operations management. Int. J.
Prod. Econ. 129 (2011) 157-168.

[38] W.C. Lee, Inventory model involving controllable backorder rate and variable lead time demand with the mixtures of distri-
bution. App. Math. Comput. 160 (2005) 701-717.

[39] B.S. Everitt and D.J. Hand, Finite Mixture Distribution. Chapman and Hall, London (1981).

[40] B. Sarkar, B. Mandal and S. Sarkar, Quality improvement and backorder price discount under controllable lead time in an
inventory model. J. Manuf. Sys. 35 (2015) 26-36.

[41] S.H. Chen, Operations on fuzzy numbers with function principle. Tamk. J. Manag. Sci. 6 (1986) 13-25.

[42] S.H. Chen and C.H. Hsieh, Optimization of fuzzy backorder inventory models. In Vol. 1 of IEEE SMC’99 Conference Proceed-
ings, Tokyo, Japan (1999) 240-244.

[43] B. Sarkar, K. Chaudhuri and I. Moon, Manufacturing setup cost reduction and quality improvement for the distribution free
continuous-review inventory model with a service level constraint. J. Manuf. Sys. 34 (2015) 74-82.

[44] B. Sarkar and A.S. Mahapatra, Periodic review fuzzy inventory model with variable lead time and fuzzy demand. Int. Tran.
Oper. Res. (2015) 1-31.

[45] B. Sarkar and S. Saren, Product inspection policy for an imperfect production system with inspection errors and warranty
cost. Euro. J. Oper. Res. 248 (2016) 263-271.

[46] B. Sarkar, H. Gupta, K. Chaudhuri and S.K. Goyal, An integrated inventory model with variable lead time, defective units
and delay in payments. Appl. Math. Comput. 237 (2014) 650-658.

[47] 1. Moon, E. Shin and B. Sarkar, Min-max distribution free continuous-review model with a service level constraint and variable
lead time. Appl. Math. Comput. 229 (2014) 310-315.

[48] B. Sarkar, An inventory model with reliability in an imperfect production process. Appl. Math. Comput. 218 (2012a) 4881-4891.

[49] B. Sarkar, An EOQ model with delay in payments and stock dependent demand in the presence of imperfect production. Appl.
Math. Comput. 218 (2012b) 8295-8308.

[50] B. Sarkar, S.S. Sana and K. Chaudhuri, An economic production quantity model with stochastic demand in an imperfect
production system. Int. J. Ser. Oper. Manag. 9 (2011a) 259-282.

[51] B. Sarkar, S.S. Sana and K. Chaudhuri, An imperfect production process for time varying demand with inflation and time
value of money — an EMQ model. Exzp. Sys. Appl. 38 (2011b) 13543-13548.

[52] B. Sarkar and I. Moon, An EPQ model with inflation in an imperfect production system. Appl. Math. Comput. 217 (2011c)
6159-6167.

[63] B. Sarkar, S.S. Sana and K. Chaudhuri, A stock-dependent inventory model in an imperfect production process, Int. J. Proc.
Manag. 3:4 (2010) 361-378.



LOST SALES REDUCTION AND QUALITY IMPROVEMENT WITH VARIABLE LEAD TIME 837

[54] B. Sarkar, S.S. Sana and K. Chaudhuri, Optimal reliability, production lot size and safety stock in an imperfect production
system. Int. J. Math. Oper. Res. 2 (2010b) 467-490.

[65] B. Sarkar, A. Majumder, M. Sarkar, B.K. Dey and G. Roy, Two-echelon supply chain model with manufacturing quality
improvement and setup cost reduction. J. Indus. Manag. Opt. 13 (2017) 1085-1104.



	Introduction
	Notation and assumptions
	Decision variables 
	Parameters 

	Model formulation
	Model under fuzzy cost parameters
	Defuzzification by modified graded mean integration representation

	Numerical examples
	Conclusions
	Compliance with ethical standards

	Appendix A.
	Appendix B.
	References

