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Abstract: This paper proposes a novel approach to the fuzzy newsvendor problem for inventory
management applications. The main contributions of the paper are the following: a new credibility
estimation is proposed, to explore the neighborhood around the most impactful demand scenarios; a
simulation procedure was designed for the different demand scenarios, which allows comparison
of the proposed approach with classical and fuzzy multi-item newsvendor problems; a modified
genetic algorithm (GA) is introduced to ameliorate previous genetic algorithms in both the generation
and evaluation of solutions. The new formulation of the fuzzy newsvendor problem, together
with the modified GA, were shown to improve the average profit by up to 55% in problems with
low-budget scenarios.
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1. Introduction

Every day, a newsvendor needs to buy journals based on an uncertain demand.
Assuming that each journal has a fixed cost and selling price, if she/he asks for too many
journals and the demand is insufficient, there is a reduction in the profit. On the other hand,
if the demand is higher than the number of journals ordered, potential sales do not occur,
resulting in “lost profits” [1]. This dilemma of buying more or less newspapers, which is
known as the newsvendor problem, can be applied to any problem that deals with perishable
goods, such as newspapers, magazines, fresh food, or holiday decorations, e.g., Christmas
trees. This type of problem has one planning cycle of useful life with uncertain demand
and can be modeled as an inventory management problem. Further, the framework of
the newsvendor problem can also be applied to capacity investment problems, which can
solve relevant societal challenges, such as medical capacity investments. One example is
the establishment of epidemic diffusion models to characterize how transmission evolves
with (and without) vaccination [2].

Several solutions can be found for solving various inventory management problems [1,34].
When multi-items are considered for perishable goods, one deals with a multi-item newsvendor
problem (MINP). In this problem, it is important to consider the number of constraints and
their type (cost, service level, etc.), the decision-making policies (e.g., optimizing expected profit,
service level, etc.). Often, solutions are found using risk-averse techniques. Further, very often
MINPs use probability density functions to model the uncertain demand [5-8].

However, the demanded probabilistic density functions are difficult to derive in real
scenarios, especially for innovative and disruptive products, where there are not sufficient
data to accurately predict the demand probability distribution. It is possible to mitigate
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these limitations by including additional information from human expertise using, e.g.,
fuzzy systems [9]. Fuzzy logic is a suitable tool for incorporating uncertain demands with a
proven effectiveness in solving MINPs [9-11]. A fuzzy environment can use few data points
to describe uncertainty through meaningful membership functions. Furthermore, fuzzy
logic offers an ideal environment for describing the vagueness of human thinking through
mathematical operations, defining linguistic terms such as “the demand of a product is
around 2000”7 [12].

The first fuzzy solution to the newsvendor problem and inventory management with
perishable goods dates back to 1996 [9]. Analytical analyses in a fuzzy environment are
useful for specific cases, where it is possible to study a limited number of items in a well-
isolated economic environment [13-16]. Problems arise when the number of items and their
relations increase, leading to highly nonlinear problems, making analytical approaches
hard to implement [17]. Most of the recent fuzzy [18-20] and non-fuzzy [21-25] solutions
have focused on solving highly complex single-item problems, lacking generalization to
multi-item problems.

Fuzzy MINP problems are usually solved using metaheuristic algorithms [10,11]. In-
spired by real-world phenomena, metaheuristics use computational power to find solutions
when the classical methods cannot, due to time and complexity. However, metaheuristics
do not always guarantee that the solutions found are optimal. However, they can, at least,
provide good results for highly complex optimization problems [26]. Shao proposed a
genetic algorithm to solve the newsvendor problem with a fuzzy environment [10]. This pa-
per extended the fuzzy objective functions proposed in [9], with the adoption of credibility
theory concepts [27,28], namely using the concepts of possibility, necessity, and credibility
of a fuzzy event, as well as the excepted value of a fuzzy variable [29] to derive objective
functions for different decision-making policies. Further, in 2011, Taleizadeh [11] studied a
variety of metaheuristic algorithms to solve a fuzzy single-period newsvendor problem
and also proved the suitability of genetic algorithms for this problem.

This paper proposes the following contributions to the fuzzy multi-item newsven-
dor problem:

*  Anew credibility estimation is proposed to explore the neighborhood around the most
impactful demand scenarios.

* A simulation procedure is designed for different demand scenarios, allowing the
comparison of the different fuzzy MINP approaches.

*  The genetic algorithm in [11] is modified to solve the fuzzy multi-item newsvendor
problem, enhancing the work of [10] in both the generation and evaluation of solutions.

This paper is organized as follows. Section 2 describes classical and fuzzy multi-item
newsvendor problems. The proposed hybrid algorithm used to solve fuzzy multi-item
newsvendor problems is presented in Section 3. This section first describes a simulation
procedure to generate the demand vectors. Then, the proposed credibility estimation is
presented. Finally, the optimization architecture using a modified genetic algorithm with
three novel mechanisms is described. Benchmark case studies are described in Section 4.
Section 5 presents the obtained results, and the conclusions and future work are presented
in Section 6.

2. Multi-Item Newsvendor Problem

This section introduces the formulation of the multi-item newsvendor problem. Section 2.1
presents the classical approach with probabilistic demand curves, and Section 2.2 explains
the fundamentals of the fuzzy MINP approach.

2.1. Classical Multi-Item Newsvendor Problem

The newsvendor problem deals with situations where the demand for products or
items is uncertain. Ordered items that are unsold or unused become obsolete, incurring
a cost to dispose of them. However, when the initial amount of at least one of the items
is too small, this causes loss of revenue. The classical formulation suggested in [30] uses
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a modified form of the original model proposed in 1964 [31]. The form in [30] minimizes
the expected cost E, with this being minimization equivalent to maximizing an “expected
profit” function. The model of the classical multi-item newsvendor problem is as follows:

min E = IXV: [c-x' + Iy /xi(x» —d) fi(d)d(d;) +v; /°°<d» —x) fi(d)d(d;) (1)
- = 1 1' 0 1 1 1 1 1 1 1 1 1 1 1 7

J X
subject to

n
Zcixl- <B, (2)
i=1

where the definition of the variables used in this classical multi-item newsvendor problem,
which will be used throughout this paper, are the following:

E expected cost

n total number of items (products)

i(=1,2,...,n) anitem index

o cost per unit of item i

X; amount to be ordered of item i (stochastic variable)
h; cost incurred per item i for leftover

d; demand of item ¢

fi(d;) probability density function of demand for item i
v; revenue per unit of item 7

B available budget.

This problem is commonly solved using a generic iterative method, by relaxing the
problem constraint, applying the Leibniz rule, and using a Lagrangian optimization with a
Lagrangian multiplier. This method is described in detail in [30], and is used for comparison
purposes for the results, in Section 5. In order to generalize the uncertain demands, a fuzzy
formulation of the MINP was introduced in the past [9] and will be described next.

2.2. Fuzzy Multi-Item Newsvendor Problem

This section describes the fuzzy multi-item newsvendor problem, which proved its
effectiveness for solving MINP problems [9-11]. First, the definitions of possibility, necessity,
credibility, and the expected value of a fuzzy demand are presented. Then, the estimation
of possibility, necessity, and credibility is explained. Finally, the estimation of the expected
profit, the key point of the fuzzy MINP, is described.

2.2.1. Definitions

The possibility, necessity, and credibility of a fuzzy event, presented in [27,28], are
used in this paper. Let a fuzzy variable { have a membership function y(u). The concepts
of possibility, necessity, and credibility of a fuzzy event (¢ > r) can be defined as:

Pos{¢ >r} =suppu(u), u>r 3)
Nec{¢ >r} =1—supu(u), u<r 4)
Cr{¢>r}= %[Pos{é > r} + Nec{¢ > r}] (5)

where for our application ¢ is a fuzzy demand with the membership function p(u), u is the
generic demand, and r is a profit value. Considering (3)—(5), the expected value of a fuzzy
demand ¢ is given by [27]:

Bl = [ orleznar- [ crig<nyan ©)
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2.2.2. Formulation of the Fuzzy Multi-Item Newsvendor Problem
To formulate this problem, additional variables need to be defined:
T retail price per unit (r; > ¢;) of item i
S; salvage value per unit (r; < ¢;) of item i
Ci fuzzy demand of item i
f(x;,&;) profit function for order quantity x; and fuzzy demand ¢;
F(x,E) total profit for all items, in which x = (x1,x2,...,%,), & = (§1,82,.-.,Cn)-
The profit function for ith item is given by
i —ci)xi, x; < &
fxi,Gi) = i = cu)x: Y )
(ri =si)8i — (ci —si)xi, x> &j.
Then, the total profit of the newsvendor is as follows:
n
F(x,8) =) f(xi, ), 8)

subject to (2), as in the classical problem. The objective is to maximize the expected profit
of the newsvendor, which can be formulated as follows:

max E[F(x,ZE)] )
subject to
n
B—Y x>0, (10)
i=1
X >0, (11)

3. Proposed Hybrid Algorithm

In order to solve the fuzzy multi-item newsvendor problem, it is necessary to define
a simulation procedure that generates the demand vectors. The simulation procedure
proposed to simulate the demand is presented in Section 3.1. A critical issue in the simula-
tion procedure is to estimate the credibility, which is presented in Section 3.2. Afterwards,
the proposed optimization architecture using a modified genetic algorithm is presented in
Section 3.3.

3.1. Demand Simulation Procedure

This section presents a general simulation procedure for addressing fuzzy multi-item
newsvendor problems. Let & = (3,8, ..., ¢n) be the vector of fuzzy demands, for all n
items. Let 4 be the membership function of 5, and y; be the membership function of ¢;,
fori=1,...,n.

The simulation must generate a sufficiently large positive number for N demand
vectors u, withi =1,...,n,and k =1,..., N. This procedure simulates real scenarios by
using a diverse range of demand vectors 1, with a greater emphasis on probable vectors,
while still accounting for less likely ones. By computing the profit for each demand vector
u; with a given solution, the average profit and profit standard deviation across all vectors
can be determined.

Let one assume that up = (uj1, up, ..., U;,) is a demand vector of n items. The esti-
mated membership grade of the demand vector is given by

H(ug) = p(ugr) O p(ugr) N0 p () = min(p(ugg), p(tok), - - - p(iar)) (12)

where (uy) is the estimated membership grade, and u(u;) is the membership grade
associated with each order quantity of an item i, withi =1,2,...,n.
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The possibility and necessity estimations of multi-item solutions from the demand
vectors uy can now be estimated, respectively, in the following way:

Pos{R(x,&) > Ro} = max {p(ue)|R(x,u) > Ro} (13)
Nec{R(x,¢) = Ro} =1 - max {u(ue)|R(x,u) < Ro} (14)

where R(x, uy) is the profit function, N is the total number of random demand vectors, and
Ry is a profit target. The estimation of the credibility is based on the previous estimations
of possibility and necessity, as follows:

Cr{R(x,8) > Ro} = 5 [Pos{R(x,8) > Ro} + Nec{R(x,8) > Ro}]. (15)

This estimation is generic for a solution x and for the kth iteration. It is necessary to
estimate the credibility for the complete simulation. The estimation proposed in this paper
is described next.

3.2. Proposed Credibility Estimation

The proposed credibility estimation is presented in Algorithm 1. The main objective
of this approach is to estimate the credibility of a solution x generating a profit higher than
a profit target Ry. It repeats the estimation K times until it finds it. Estimations for different
profit targets Ry are further used to estimate the expected profit of the solution x.

The demand vector is randomly generated and considers quantities that have a mem-
bership grade higher than a &, which are defined by 10% quantiles, and as so can have
the following values:

tent € Taewt) = [1.07°, 0.1, 02, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9]. (16)

Further, the a,; is always equal or greater than the minimum value between the highest
membership grades found for both possibility and necessity. The a,;; progressively increases the
minimal membership grade of the randomly generated demand vectors. This is useful because
the possibility estimation requires finding the demand vector with the highest membership
grade that generates a profit higher than the profit target Ry, as defined in (13). In addition,
the necessity estimation requires finding the demand vector with the highest membership grade
that generates a profit lower than the profit target Ry, as defined in (14).

Note also that sometimes, due to the random generation, for low credibility solutions,
the necessity estimation can be higher than the possibility estimation. These results are
impossible, due to the nature of the problem, and therefore are automatically rejected by
the algorithm.

The credibility is mandatory to estimate the expected profit of a solution x, with
x = (x1,x2,...,%,). To focus resources on plausible values, the profit targets are extracted
from the interval defined by

N

N
=Y cxi, Y (vi—ci)xil. 17)
i—1

i=1

On the one hand, the interval lower limit corresponds to the scenario where no sales are
made. On the other hand, the upper limit corresponds to the scenario where all purchased
items are sold.

Assuming that the total number of profit targets is given by S, the profit targets are
equally distributed and the set of profit targets are defined by r = (r1,72,...,1s), where
rp < ry < ... < rs. Equations (18)-(20) describe the necessary steps for estimating the
expected profit E of a solution x:

Er=—Y Cr{R(x,u;) <r;}, ifr;<0 (18)



Mathematics 2024, 12, 1652 60f17
Ey = E1 + Y Cr{R(x,ux) > 1;}, ifr;>0 (19)
E=E; x @ + max(0,7;) +min(0, rg) (20)

The number of credibility samples S is a crucial variable in this estimation. This
variable must be studied to obtain the best possible trade-off between computational time
and accuracy.

Algorithm 1 Credibility Estimation

Require: x; Ro; R(x, ug); T(acur); K
eur 4= T(0cur)
Pos <— 0;Nec «<- 0;1 < 0; stop < False
while stop = False do
Compute random uy with min(p(uyk), ..., u(uuk)) > dcut
Compute p(uy) using (12)

====== Possibility and Necessity Update ======
if R(x,u;) > Ro and y(uy) > Pos then

Pos  pi(uy)
else if R(x,u;) < R and y(u;) > Nec then

Nec «+ p(uy)

===========Threshold Update ==========
if min(PAo/s,NE::) > acyr then
tcut + min(Pos, Nec) (soft threshold update)
else if I > Kand acyr > max(T(cyt)) then
stop < True (finish execution)
else if | > K then
eyt <— min(T (aeys) > aeyr) (hard threshold update)
I+0

=========== Finish Execution ==========
Nec «+~ 1 — Nec
if Pos > Nec then

Compute Cr{R(x, ) > Ro} using (15)
else

Cr{R(x,¢) > Ro} = 0 (solution rejected)

3.3. Proposed Optimization Architecture

The formulation of the fuzzy newsvendor problem allows its application to inventory
problems. This is accomplished with an optimization architecture that combines a modified
genetic algorithm (GA) and the expected profit estimation. Along with the common
mechanisms of a genetic algorithm, crossover, mutation, and selection [32], novel problem-
specific genetic mechanisms are introduced.

The proposed optimization architecture finds the solution x = (x1, xp, ..., x,) with the
highest expected profit, according to the fundamentals previously introduced in Section 2.
Algorithm 2 details the proposed genetic algorithm for maximizing the expected profit. This
algorithm needs to estimate the credibility Cr, as proposed in Section 3.2 and Algorithm 1.
The genetic algorithm used is the one in [10], using classic selection, crossover, and mutation
operators. Further, the genetic algorithm also uses the novel problem-specific genetic
mechanisms described in the next section.
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Algorithm 2 Proposed Genetic Algorithm

Require: G;i <+ 0
1: whilei < G do
2: for each individual x of generation i do
3 Compute profit interval using (17)
4 Compute all profit targets r; by equally sample profit interval
5: Compute the credibility Cr{R(x, &) > rj} for all j using Algorithm 1
6: Compute expected profit E[R(x, )] using (18)—(20)
7 Compute next population using novel GA mechanisms in Section 3.4
8 i+i+1
9: Select the individual x with the highest expected profit E.

3.4. Novel Problem-Specific Genetic Mechanisms

This section describes problem-specific mechanisms, which are implemented in the
architecture proposed in Algorithm 2. These methods enhance the set of solutions by
(1) discarding items in the initial population, (2) scaling chromosomes according to the
available budget, and (3) introducing a problem-specific context to the crossover operator.
This section thus proposes chromosome initialization, solution resizing, and chromosome
normalization, which are described next.

3.4.1. Initialization with Zero Quantities

The initialization with zero quantities initializes chromosomes with a single non-zero
ordering quantity x;. After selecting a random item i for the non-zero ordering quantity,
the chromosome is resized as explained in Section 3.4.2 to scale x; to reach the available
budget. If i is a profitable item, the chromosome is selected, because the expected profit is
higher than chromosomes containing less profitable items. This mechanism aims to select
(and further combine) only the most profitable items.

3.4.2. Solution Resizing

The solution resizing mechanism scales the chromosome ordering quantities x; to
use all the available budget. It scales the quantities up or down without changing the
relative proportions between them. On the one hand, this mechanism can transform over-
budget solutions into feasible solutions by scaling them down. On the other hand, it can
scale up under-budget solutions to use all the available budget. To apply this mechanism,
the ordering quantities x; are resized to quantities x,; by multiplying them by a resizing
ratio, as follows:

Xpi = Xif X ——— (21)
Y cix

3.4.3. Chromosome Normalization

This normalization makes the crossover independent of the absolute values in x,
by normalizing them according to the items with the highest expected demand value.
In this paper, the highest expected demand value comes from the item with the probabilistic
density function f;(d;), but it could also be the fuzzy value with the highest grade. To apply
the chromosome normalization, first, the ordering quantities x; must be normalized by
applying the transformation:

Xi

" (22)

Xni =
where x; is the ordering quantity of item i, u; is the expected demand value of the proba-
bilistic distribution of item i, and x,,; is the normalized ordering quantity of item i. After the
crossover has been applied, all normalized ordering quantities x,; must be de-normalized
by multiplying them by u;.
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4. Case Studies

The two benchmark case studies used in this paper were presented in [10,30,33].
The first numerical example is well known because it is simple (only six products) and
it also shows that relaxing the non-negativity constraints sometimes leads to infeasible
order quantities. The second example illustrates the application of the proposed approach
for a large number of products, 17 in this case. This number is already similar to several
real-world scenarios.

The optimization method presented in [30,33] is a generic iterative method (GIM) with
two different use cases: one with exponential demand distributions, which is described in
Section 4.1, and the other with normal demand distributions, described in Section 4.2.

4.1. Case Study 1: Exponential Demand Distribution

The first case study was proposed in [30] and used in [10], where the item demand is
exponentially distributed. An exponential distribution for demand d; with a mean value
m; is described in (23) and (24), defining its probability density function and cumulative
distribution function, respectively.

0, di < m;

fildiymi) =9 i (23)
Wie i 7 dl 2 ml
0, di < m;

Fi(d;, m;) = a4 (24)

3

1—e i, diZmi.

In [10,30], the exponential demand distribution considered a problem with six items,
as presented in Table 1, and a budget of 3500 currency units (CU).

Table 1. Data for Case Study 1: Revenue loss per unit, cost for leftover, cost per unit, and mean of
demand for the six items.

Item v; (CU) h; (CU) ¢; (CU) m;
1 7 1 4 200
2 12 2 8 225
3 30 4 20 112.5
4 30 4 10 100
5 40 2 13 75
6 45 5 15 30

The GIM proposed in [30] solved this optimization problem by relaxing the prob-
lem constraint, applying the Leibniz rule and using a Lagrangian optimization with a
Lagrangian multiplier. The obtained solution with the ordering quantities per item is
presented in Table 2.

Table 2. Case Study 1: benchmark solution with ordering quantities per item.

Item 1 2 3 4 5 6
X; 78.41 58.16 30.06 81.74 7091 25.29

4.2. Case Study 2: Normal Demand Distribution

The second case study was proposed in [33] , and considers a normal distribution for
demand d;. A demand distribution d; has the mean value m; and the standard deviation
0;, see (25) and (26), defining its probability density function and cumulative distribution
function, respectively.

fildi, m;) = ST (25)
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1 d; — m;
Fi(d;,m;) = =|1+er ! l)} 26
(dm) = 5 1 erf (5 @)
where

1 o _p

erf(x) = — [ e "dt. (27)
7T J—x

This case study includes 17 items, as shown in Table 3, and an available budget of
2500 CU.

Table 3. Data for Case Study 2: Revenue loss per unit, cost for leftover, cost per unit, mean and
standard deviation of demand for the 17 items.

Item v; (CU) h; (CU) ¢; (CU) m; (ot}
1 7 1 4 102 51
2 12 2 8 73 18.3
3 30 4 19 123 30.8
4 30 4 17 95 23.8
5 40 2 23 62 15.5
6 45 5 15 129 43
7 16 1 10 69 345
8 21 2 10 83 415
9 42 3 40 120 30
10 34 5 20 89 22.3
11 20 3 10 115 38.3
12 15 5 7 91 30.3
13 10 3 4 52 17.3
14 20 3 12 76 38
15 47 2 33 66 16.5
16 35 4 21 147 36.8
17 22 1 11 104 34.7

The expected profit-maximizing solution proposed in [33] is presented in Table 4.

Table 4. Case Study 2: Benchmark solution with ordering quantities per item.

Item X; Item X;
1 0 10 0
2 0 11 15.58
3 0 12 422
4 0 13 34.56
5 0 14 0
6 106.86 15 0
7 0 16 0
8 14.02 17 15.23
9 0

4.3. Membership Functions for the Demand

The fuzzy MINP requires the definition of membership functions for the fuzzy de-
mand. This paper considers trapezoidal and exponential membership functions, in order
to compare two different types of membership functions.

A trapezoidal membership function is defined by four parameters (a,b,c,d) [34].
These four parameters define five different line segments alongside the complete universe
of discourse. A definition of a trapezoidal membership function is given by:

u(x;a,b,c,d) = max(min(ﬁ,l,ﬂ)ﬁ). (28)
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An exponential membership function is defined, using as parameters the mean value
m and the decay ratio d:
d xX—m
et m x<m
x;m,d) = s - 29
g ) {edm, x> m. @)
The membership function parameters for Case Study 1 were based on the ones pre-
sented in [10]. This paper adjusted them slightly in order to optimize the results, namely
we used triangular membership functions that were revealed to be more suitable for the
problem. The originals and the ones used in this paper are presented in Table 5.

Table 5. Membership functions for Case Study 1.

From [10] Proposed
Item Type Values Type Values

1 Trapez. (180, 190, 210, 220) Triang. (180, 200, 200, 220)
2 Trapez. (210, 220, 230, 240) Triang. (210, 225, 225, 240)
3 Trapez. (100, 110, 115, 125) Triang. (100, 112.5, 112.5, 125)
4 Trapez. (80, 90, 110, 120) Triang. (80, 100, 100, 120)

5 Trapez. (60, 70, 80, 90) Triang. (60, 75, 75, 90)

6 Trapez. (20, 25, 35, 40) Triang. (20, 30, 30, 40)

For Case Study 2, trapezoidal and exponential membership functions were tested.
The exponential ones gave slightly better results and were chosen for use. The membership
functions for Case Study 2 are presented in Table 6.

Table 6. Membership functions selected for Case Study 2.

Proposed

Item Type Values Item Type Values
1 Exponential (102, 6) 10 Exponential (89, 6)
2 Exponential (73, 6) 11 Exponential (115, 6)
3 Exponential (123, 6) 12 Exponential 91, 6)
4 Exponential (95, 6) 13 Exponential (52, 6)
5 Exponential (62, 6) 14 Exponential (76, 6)
6 Exponential (129, 6) 15 Exponential (66, 6)
7 Exponential (69, 6) 16 Exponential (147, 6)
8 Exponential (83, 6) 17 Exponential (104, 6)
9 Exponential (120, 6)

5. Results

This section presents the results using the hybrid algorithm proposed in Section 3.
The results are compared with previous classical and fuzzy newsvendor problems. The
case studies presented in Section 4 were used to asses the performance of the hybrid
algorithm proposed in this paper. These comparisons intend to understand if a more
flexible framework—with the ability to incorporate complex profit functions and human
expertise—can obtain better results than previous classical and fuzzy approaches that
lacked this kind of flexibility.

5.1. Impact of the Genetic Algorithm Parameters

First, the parameters of the genetic algorithm are properly tuned. The first parameters
to be explored were the number of generations, which are presented in Table 7. We tested
population sizes between 10 and 100 individuals. We used 20 generations to assure some
convergence of the algorithm. The population size that obtained the best fitness for Case
Study 1 was 75, and for Case Study 2 it was 50. These parameters were thus fixed to
these values.
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Table 7. Tuning of population size. The line in bold is the one with the best fitness.
Case Study Generat. Popul. Size Fitness Time [s]
1 20 10 4535 £ 210 105
1 20 25 4882 £ 111 156
1 20 50 4918 £ 99 312
1 20 75 5064 £ 23 372
1 20 100 4928 £ 129 510
2 20 10 1948 + 285 198
2 20 25 2915 £ 49 234
2 20 50 3015 + 66 472
2 20 75 2959 £ 66 590
2 20 100 3031 £ 49 848

Table 8 presents the test performed in both case studies to find the best number of
generations for the genetic algorithm. The problem did not require a large number of
generations to converge. Values between 5 and 30 were tested. It was found out that for
Case Study 1, 20 iterations gave the best fitness, while 15 generations were the best for Case

Study 2.

Table 8. Tuning of the number of generations. The line in bold is the one with the best fitness.

Case Study Generat. Popul. Size Fitness Time [s]
1 5 75 4935 + 104 28
1 10 75 5027 + 53 53
1 15 75 4930 + 128 128
1 20 75 5064 + 23 230
1 30 75 4888 £ 103 367
2 5 50 3011 £ 92 153
2 10 50 2994 + 39 259
2 15 50 3045 £+ 57 471
2 20 50 3022 £+ 66 593
2 30 50 3014 + 47 710

The tuning of the crossover probability is presented in Table 9. We tested values
from 10% to 90%. For both case studies, the value of 80% was found to give the best
results. This is interesting, as this is a very common value chosen for this parameter in

genetic algorithms.

Table 9. Tuning of the crossover probability. The line in bold is the one with the best fitness.

Case Study Crossover Probab. Fitness
1 0.1 48923 + 160
1 0.3 4883 + 69
1 0.5 4950 + 126
1 0.7 4988 + 103
1 0.8 5107 £+ 57
1 0.9 5067 + 61
2 0.1 3465 + 158
2 0.3 3645 + 89
2 0.5 3650 + 21
2 0.7 3657 + 16
2 0.8 3742 + 44
2 0.9 3725 + 41

Last but not the least, we tested the best value for the probability of mutation in the
chromosomes, see Table 10. We tested values from 5% to 90%. Please note that very high
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values (above 70%) can be considered as a random search. The value of 20% was found to
be the best value of mutation for both case studies.

Once the usual parameters of the GA had been selected, it was possible to test the
impact of the novel problem-specific mechanisms proposed in this paper. This analysis is
given next.

Table 10. Tuning of the mutation probability. The lines in bold are the ones with the best fitnesses.

Case Study Mutation Probab. Fitness
1 0.05 4987 £ 98
1 0.1 4924 + 105
1 0.2 5107 & 57
1 0.3 4893 £ 64
1 0.4 5002 £+ 101
1 0.5 5100 £ 22
1 0.7 4967 £ 135
1 0.9 5016 £ 69
2 0.05 3693 £ 28
2 0.1 3698 £ 34
2 0.2 3742 + 44
2 0.3 3716 + 41
2 0.5 3728 + 28
2 0.7 3701 £ 68
2 0.9 3701 £ 45

5.2. Impact of the Novel Problem-Specific Mechanisms

This section evaluates the impact of the specific features proposed in this paper on
the performance of the optimization. Each of the introduced problem-specific generic
mechanisms presented in Section 3.4, namely: initialization with zero quantities, solution
resizing and chromosome normalization are analyzed separately.

First, Table 11 presents the influence of the initialization with zero quantities, intro-
duced in Section 3.4.1. This mechanism proved to be advantageous for Case Study 2.
However, it proved to be highly disadvantageous in Case Study 1. Therefore, the effect of
this initialization varied significantly between the case studies. This mechanism must then
be tested, and used only if it leads to better results.

Table 11. Results using initialization with zero quantities. Lines in bold are the ones with the
best fitness.

Case Study Init. with Zero Quantities Fitness Simulated Profit
1 Yes 4167.9 2860.3
1 No 4940.9 2853.0
2 Yes 3741.9 3797.3
2 No 22299 2446.6

The effect of the solution resizing introduced in Section 3.4.2 is shown in Table 12.
The solution resizing was primarily implemented to eliminate unfeasible solutions. This
effect is emphasized in the table; the number of unfeasible solutions is zero, as expected.
But beyond this, it had the effect of increasing the fitness and the profit. Therefore, this
feature was always used in the genetic algorithm.



Mathematics 2024, 12, 1652 13 of 17
Table 12. Results using solution resizing. Lines in bold are the ones with the best fitness.
Case Study Sol. Resizing Fitness Unfeasible Sol. Simulated Profit
1 Yes 4167.9 0 2860.3
1 No 3945.1 250.4 2293.2
2 Yes 3741.9 0 3797.3
2 No 2208.8 122.2 2305.6

The last modification proposed for introduction in the GA, normalization of the
chromosome (which was described in Section 3.4.3), had the results presented in Table 13.
It can be observed that the performance in terms of fitness and simulated profit was slightly
reduced. However, it is recommended to always try this mechanism in different case
studies, because it leads to a smaller computational effort (about a 5 to 10% reduction).

Table 13. Results using chromosome normalization. Lines in bold are the ones with the best fitness.

Case Study Chromosome Norm. Fitness Simulated Profit
1 Yes 4889.5 2827.4
1 No 4940.9 2853.0
2 Yes 3713.7 3755.7
2 No 3741.9 3797.3

5.3. Computational Performance

Scalability is crucial when designing industrial solutions. It is common for real-world
inventory management problems to increase the number of items, and thus the number of
decision variables. A problem can become impossible to solve in real time when the com-
putational power does not keep up with this increase in dimensions. Thus, computational
efficiency is a critical aspect when implementing iterative optimization algorithms, such as
genetic algorithms [35,36].

Genetic algorithms are excellent candidates for applying parallel computing. They
have several steps where they perform multiple independent tasks, such as fitness evalua-
tion or creation of a population. We used parallelism in the fitness evaluation procedure,
since this is the phase with the highest computational cost. The parallel computation was
implemented in a cloud environment.

Every program running in the cloud has an environment previously defined by the user.
This environment is called a container. The container has all the necessary packages, as well
as the source code to be executed. Additionally, the container receives all required variables
(in the MINPD, the crossover probability, population size, etc.) as environment variables. This
results in an isolated and constant environment that allows running a given program for
different input variables. With the container defined, it is possible to pass its image to a
machine of choice. The device will then execute the tasks described in the source code.
Moreover, given a well-defined environment, there will not be any operating incompatibilities
during execution. Figure 1 illustrates the overall containerization life cycle.

The ability to perform the same tasks in different machines without altering the source
code or conditions is an advantage of containerization. Table 14 presents the characteristics
of the set of cloud virtual machines used in this paper. We wanted to find the set exhibiting
the best ratio between computational power and performance.

The proposed algorithm was run for both case studies using exponentially distributed
demands, considering the different machines in Table 14 and applying parallel computing.
Figure 2 shows the relation between the number of virtual CPUs and the run time. For Case
Study 2, the more demanding case, Machine 1 had a running time of 9216 s, while Machine
5, the one with the best ratio between power and performance, needed only 340 s to
complete the job. The running time reduction between these machines was 96%.
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Figure 1. Containerization life cycle.

Table 14. Properties of the virtual machines.

vCPU Memory [GB]
Machine 1 2 8
Machine 2 4 16
Machine 3 8 32
Machine 4 16 64
Machine 5 48 192
Machine 6 96 384
8000
E’ 6000 1
£
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Figure 2. Number of vCPU per machine and running time used in Case Study 2.

Table 15 shows the running time with and without parallelism, both using Machine 5.
Without parallel computing, the use of powerful machines becomes irrelevant. Using the
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integration of parallel computing and cloud resources reduced the computation time by
98.3% (from 5.6 h to less than 6 min). This drastic reduction made problems feasible that
were almost impossible to solve due to time constraints. The results obtained in the next
section used Machine 5 in a cloud environment with parallelism. The maximum running
time was about 8 minutes.

Table 15. Machine 5: Performance with and without parallelism.

Parallel Execution Running Time [s]
Machine 5 Yes 340
Machine 5 No 20,342

5.4. Main Results

In this section, we present the main results of our study. It compares the performance
of three different methods for solving the case studies in Section 4. The first method is
the classical approach, introduced in Section 2.1, the second methods is the fuzzy genetic
algorithm proposed in [10], and the third is the hybrid algorithm proposed in this paper in
Section 3.

Table 16 presents the obtained results. The GA was run 50 times, and the results show
the average and the standard deviation of the obtained profit. It is clear for both case
studies that the proposed hybrid algorithm outperformed the other two approaches in
terms of profit. In Case Study 1, the simplest case, it was only slightly better than the other
approaches. However, in Case Study 2, it significantly outperformed the previous fuzzy
approach in [10]. Moreover, it also slightly outperformed the classical approach.

Table 16. Simulation results in terms of average profit and standard deviation of the profit.

Case Study Method Profit
1 Classical approach 2877.1+£2.0
1 Fuzzy GA from [10] 2889.8 £ 1.2
1 Proposed hybrid algorithm 2914.7 £ 1.5
2 Classical approach 3869.4 £ 0.5
2 Fuzzy GA from [10] 2833.6 + 0.2
2 Proposed hybrid algorithm 3878.7 £ 0.8

The standard deviation of all approaches was relatively small, showing the effective-
ness of the genetic algorithm. For Case Study 1, the proposed algorithm had a smaller
standard deviation than the classical approach, but slightly larger than the fuzzy MINP
optimized with GA in [10]. In Case Study 2, the proposed algorithm presented a slightly
larger standard deviation than the other two approaches, but without affecting the excellent
result obtained for the profit.

Summarizing, the proposed hybrid algorithm was able to significantly improve on the
previous fuzzy approach and it also slightly improved on the classical approach. The main
drawback was its computational demand.

6. Conclusions

A novel approach to the fuzzy newsvendor problem for inventory management
applications was proposed in this paper. A hybrid algorithm was proposed to solve
fuzzy multi-item newsvendor problems by introducing a simulation procedure to generate
the demand vectors. One of the main contributions of this work was the redesigning
of a mandatory variable in the simulation procedure, the credibility estimation, which
introduced a dynamic adjustment of an a; threshold to generate meaningful demand
vectors, instead of using a purely random vector generation. Further, a modified genetic
algorithm that discards some products in the initial population, scales the chromosomes
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according to the available budget, and makes the crossover operator independent of the
absolute values of the solutions.

The proposed hybrid algorithm was compared to other classical and fuzzy approaches
in two benchmark case studies, and it slightly outperformed the classical approach. How-
ever, it clearly outperformed the previous fuzzy approach. In the most complex case,
Case Study 2, it improved the profit by 55%. This performance increase was the result of
introducing a new initialization with null values, which proved to be a valuable mechanism
in low-budget scenarios, where there is the need for rejecting less profitable items. Please
note that Case Study 2 already has a high dimension and it is similar to a large number
of real-world problems in inventory management. The main limitation of the proposed
approach was the computational effort of the algorithm. Using a cloud environment and
parallel computing led to low computational times (about 8 min), which is very acceptable.
However, these resources can be expensive.

The proposed hybrid algorithm is very flexible. Despite using fixed costs to prove
its effectiveness against analytical approaches, this solution can work with nonlinear
pricing models. To perform this, one only needs to integrate the pricing information when
calculating profits in the credibility estimation. This is suggested for future work. Moreover,
there is the possibility of changing performance measures. Profit was used to prove the
effectiveness against analytical approaches, but the algorithm could prioritize the solutions
that most satisfied possible customer demand, by replacing the profit calculation with
a service-level calculation, for instance. We used perhaps the most usual version of a
fuzzy number. However, other fuzzy numbers such as Z-numbers [37], G-numbers [38],
or R-numbers [39] could be used. This is another avenue of future research. Last but not
the least, in the near future, we are going to implement the fuzzy MINP in a model of
medical capacity investment, to evaluate the impact of health public policies in terms of
infant mortality rates.
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