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Summary:

In order to make the Economic Production Quantity (EPQ) model
more applicable to real-world production and inventory control problems,
in this paper we expand this model by assuming that some imperfect
items of different product types being produced such as reworks are al-
lowed. In addition, we may have more than one product and supplier
along with warehouse space and budget limitation. We show that the
model of the problem is a constrained non-linear integer program and
propose a genetic algorithm to solve it. Moreover, a design of experi-
ments is employed to calibrate the parameters of the algorithm for diffe-
rent problem sizes. In the end, a numerical example is presented to de-
monstrate the application of the proposed methodology.

Key words: Genetic algorithm, economic production quantity, opitimizing.

Introduction and Literature Review

he economic production quantity (EPQ) is one of the most applic-

able models in production and inventory control environments.
This model can be considered as an extension to the well-known econ-
omic order quantity (EOQ) model [1]. Regardless of the simplicity of EOQ
and EPQ, they are still applied industry-wide today [2].
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Traditional EPQ models assume that a production process always
produces parts with perfect quality. However, process failures are a fact
of any workplace. It is more realistic to assume that production is someti-
mes imperfect. Such a production process is called imperfect production
[3]. Rosenblatt and Lee investigated the influence of process deterioration on
optimal EPQ [4].

A multiproduct single-machine system on EPQ problem in which the
production defective rates of all items are random variables and all defec-
tive items are assumed to be scrapped (rework is not allowed) is consi-
dered. Besides, the productions of all items are performed on a single
machine such that there is a limited capacity, and that shortages are allo-
wed and are considered to be partially backordered. Furthermore, the
service level is another constraint of the system [5]. Goyal et al develo-
ped a simple approach for determining an optimal integrated vendor-
buyer inventory policy for an item with imperfect quality [6].

Hou and Lin studied the effect of an imperfect production process on
the optimal production run length when capital investment in process qu-
ality improvement is adopted [7].

Leung proposed an EPQ model with a flexible and imperfect produc-
tion process|[8]. He formulated this inventory decision problem using geo-
metric programming. Recently, Hou considered an EPQ model with im-
perfect production processes, in which the setup cost and process quality
are functions of capital expenditure [9,10].

Specifically, Hsu and Yu investigate an EOQ model with imperfecti-
ve items under a one-time-only sale, where the defectives can be scree-
ned out by a 100% screening process and then can be sold in a single
batch by the end of the 100% screening process [11].

In real manufacturing environments, producing defective items is inevi-
table. These defective items must be rejected, repaired, reworked, or, if they
have reached the customer, refunded. In all cases, substantial costs are in-
curred. Therefore, it is more appropriate to take the quality related cost into
account in determining the optimal ordering policy. In the literature, Porteus
initially studied the effect of process deterioration on the optimal production
cycle time [12]. Tapiero links optimal quality inspection policies and the re-
sulting improvements in the manufacturing cost [13].

With the assumption that imperfect items are removed from inven-
tory, the production cycles are no longer identical (rather renewable po-
ints are defined at the beginning of every cycle), and the expected cost
depends on both the mean and variance (second moment) of the amount
of imperfect quality items in a lot. One contribution of this paper is deri-
ving an expression for the variance of the number of imperfect quality
items resulting from a two-state Markov process and incorporating this in
the expected cost function [14].
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Wahab and Jaber present models [15] based on [3], [16] and [17]
with different holding costs for good items and defective items.

An EPQ model is considered, where demand of the item is fuzzy
random in nature with known probability distribution and the production
process is assumed to be not 100% perfect, i.e. a fraction of the produ-
ced items are defective. Further, it is assumed that the defective items
are sold at a reduced price and the selling price of fresh units is taken as
a mark up over the unit production cost. The model is formulated to maxi-
mize the expected average profit. Since demand is fuzzy random in natu-
re, expected profit is a fuzzy number [18].

The optimization of choice by the application of fuzzy logic in practi-
ce has been applied many times [19, 20, 21, 22]

In practice, as the production of defective items is inevitable, reworking
process is often done. Gopalan and Kannan wrote [23]: “All over the world, in-
dustries are concentrating in making quality an inherent in their products. In
spite of these efforts, rework is becoming an unavoidable factor in many pro-
duction systems as in glass manufacturing, food processing, etc.”

An integrated EPQ model that incorporates EPQ and maintenance pro-
grams is presented. This model considers the impact of restoration action
such as imperfect repair; rework and PM on the damage of a deteriorating
production system [24]. Jaber et al investigate the production processes that
generate defects requiring rework [25]. It does this by using an EOQ model
with entropy costs. Chiu et al [26] extend the prior works [27, 28] and study
the optimal run time problem of EPQ model with scrap, reworking of defective
items, and stochastic breakdowns. Since little attention was taken into the
area of investigating joint effects of the aforementioned practical situations on
optimal production run time; this paper intends to serve this purpose.

In recent years, several researchers have applied genetic algorithms
(GAs) as an optimization technique to solve the production/ inventory
problems. For example Rezaei and Davoodi introduce imperfect items
and storage capacity in the lot sizing with a supplier selection problem
and formulate the problem as a mixed integer programming model [29].
Then the model is solved with a Genetic Algorithm. There are several in-
teresting and relevant papers related to the application of GA in inventory
problems such as [30, 31, 9, 10, 32, 33, 34].

Pasandideh et al developed a multi-product EPQ model with limited wa-
rehouse space. In addition, they assumed that the rate of imperfect and scrap
items is known, and reworking makes the imperfect products perfect. Under
these conditions, they formulated the problem as a non-linear integer-pro-
gramming model and proposed a genetic algorithm to solve it [35].

In this paper, we extend the Pasandideh model assuming a multi-sup-
plier. Also we consider the transportation cost and budget limitation in our
model. Other conditions and constraints are the same as in their work.
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The rest of the paper is organized as follows. The problem along with its
assumptions is defined in Section 2. In Section 3, the problem is mathemati-
cally formulated. After a brief introduction in Section 4, a genetic algorithm is
proposed to solve the model. In Section 5, a design of experiments (DOE) is
used to analyze the performance of the proposed GA. This analysis is impor-
tant to improve the performance of the proposed GA by identifying the optimal
values of its control parameters. Section 6 includes the results of applying the
proposed genetic algorithm to a numerical example. The conclusion and re-
commendations for future research are given in Section 7.

Problem Definition

Consider a production company that works with more suppliers to
produce more products. All of the produced items are inspected to be
classified as perfect, imperfect (defective but repairable) and scrap (de-
fective and not repairable) products. The situations by which the com-
pany and the supplier interact with each other are defined as follows:

— Required time of the inspection task is zero.

— All imperfect products are reworked to be perfect and the scrap
products are sold with the reduced price;

— The work in process inventory (WIP) consists of three types of ma-
terials around the manufacturing machines: raw material, perfect pro-
ducts and imperfect products;

— The budget and warehouse space of the company for all products
are limited;

— Shortage and delay are not allowed;

— All parameters, such as the demand rate, the rate of imperfect and
scrap items production, the setup cost, etc. are all known and deterministic;

— Transportation cost is a fraction of the raw material cost per unit;

The objective is to determine the order quantity of the products for
each supplier while minimizing the total inventory cost and keeping the
constraints satisfied. It means to determine products ordered in certain
guantities through certain suppliers.

Problem Modeling

In order to mathematically formulate the problem at hand, we take
advantage of the classical EPQ model and extend it to the problem to contain
perfect, imperfect and scrap items along with the warehouse and budget ca-
pacity. In order to model the problem, first we define the parameters and the
variables. Then we demonstrate the situation by inventory graphs and diffe-
rent costs and finally we present the model of the problem.

>
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Variables and parameters

For products j=1,...,m and suppliers i =1,...,n, we define the vari-
ables and the parameters of the model as follows:

S P3YPETFTPOTOI

Number of suppliers,

Number of products,

Order quantity,

Production rate,

Demand rate,

Setup cost per cycle,

Holding cost rate,

The cost of raw material per unit,
Setup time,

Machining time per unit,

Production cost rate per unit time,
Average production cost per unit,
Average value added per unit,
Average investment per unit of WIP,
Average amount of warehouse inventory,
Imperfect production percentage,
Scrap production percentage,

Perfect production cost,

Scrap production cost,

Cycle time,

Total time per cycle to produce,
Average production time per unit,
Fraction of raw material cost for transportation cost,
Required space per perfect unit,

Total available warehouse space for all products,
Providence cost per unit,

Maximum capital,

Total procurement cost,

Total set up cost,

Total inspection cost,

Total transportation cost,

Total holding cost for WIP,

Total holding cost for perfect products,
Total annual cost of all products.

i



Inventory graph

In order to calculate all inventory costs, it is necessary to survey the
work in process and warehouse inventory. For the problem at hand, the
graph of raw material quantity versus time is demonstrated in Fig. 1. In
addition, the graphs of the perfect and scrap WIP inventory versus time
are illustrated in Figs. 2 and 3, respectively. In this problem, the rate of
demand is constant and hence a graph of the final product quantity in the
warehouse is similar to the EOQ model and is given in Fig. 4.

Fig .1 Fig3

Fig4

(I_Pz)Q ] (I_Pz)Q

fime

i

TP IP
«---p “«--->

T T

Figure 1-4. Inventory graphs of row material (Figure 1), perfect products (Figure 2),
scrap items (Figure 3) and the product in the warehouse (Figure 4)

Costs calculations

The total annual cost of all products (TC) is the sum of total procure-
ment cost (TCp;), total set up cost (TCy;), total inspection cost (TCy;), total
transportation cost (TCr;), total holding cost for WIP inventory (TCepwij)
and the total holding cost for warehouse inventory (TCy;) for all products.
In other words, we have:

TC = zizlzﬁl (TC,; +TC,, +TC

I

+ TCTU. + TCW[PU + TCH[j) (1)

In any cycle, since the set up time, the production time and the re-
working time are equal to S;, m;Q; and m; (p1;Q;), respectively, the total
time to produce the product j, (TP;), is given in (2).

TF; = 8, +myQ; +m,(p, Q) = S, +m;Q,(1+ py;) (2)

15
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Hence, the average production time for each unit of the product j is:
=t =, (14 p,) (3)
i.:—:—+mlﬂ +pl..
ij Qz Qg; ij 1ij

Based on R;which is the rate of production cost per unit time, v; and
c; are obtained as:

S,
v, =Ry, = Rl.j(Q—]+ml.j.(l+ph.j)) 4)
i
S;;
¢y :Mg;"'Vgi :My+Rzi(a+mﬁ(l+plv)) (5)

y
Since delays are not allowed, the supply and the demand quantities
are equal and we have:
(l_p i’)Qz"
(= pyy)Qy =Dyl = Ty =———== (6)
ij
As sy and sy; represent the price of the perfect and the scrap items,
respectively, the average revenue in unit time is obtained as:
(l_pZij)Qij'Slzj +p2ijQijS2ij _ Dijslzj N Doy
T 1=py;
Note that for the problem at hand the revenue in unit time does not
depend on the lot size.
Now, based on (2) to (6), the inventory costs of (1) are calculated as
follows:

TR; = Dysyy (7)

Total procurement cost (TCp;)

Since the annual rate of demand for each product is known, the total
procurement cost for the product j per unit time is obtained as:

Cpl'j y=y _ y g (8)

T, (-py)

Total setup cost (TCo;)

For each product, the setup process accrues only once and hence
the set up cost per unit time of the " product can be obtained as:

— i — Al'jDi] (9)

IC, =% =
T, 0,(-py)
<>



Total inspection cost (TCy;)

Assuming 100% inspection and that all of the imperfect products
transform to perfect ones after reworks, the inspection of each product
occurs once and its associated cost per unit time is obtained as

1.O. I.D,
TC],',‘ — UQU — y_—y (10)
* I, 1-py

y

Total transportation cost (TCTij)

Here, we assume the transportation cost related to a fraction of the
raw material cost. Thus

TCTij :a(l_pZij)MijQij (11)

Total holding cost for WIP (TCWIPIj)

In order to calculate the holding cost of the WIP inventory of the |
product, since Wijdenotes the average investment per unit of the WIP in-
ventory (including raw materials, perfect and imperfect items) and h; re-
presents the holding cost rate of the j” product, then

TCpupy = W, (12)

gy

The average raw material inventory of each product is the total amount
of raw materials (the surface under its corresponding inventory graph) divided
by the cycle time. Accordingly, the average investment value of the raw mate-
rial is obtained by the product of the average raw material inventory and the
price per unit of the raw material. The average investment value ofperfect and
imperfect products can be calculated similarly. Hence, the average investment
value per unit of the WIP inventory of the product j is given in (13).

1 1 1
_ EQU'TBj 5(1 = P2y)O,TE, EpZijQijTPij
W;j = Ml.j + ¢+ ¢,
7 7 7
10,7,
:E#(Mij—’_cij) (13)

y

D, R.S.

i )

= [S, +m (14 p,)O1[2M, + ——+R.m_(1+ p,.)]
2(1_17215;) ij ij Lij /=i ij Qij /] Lij

o
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Hence, based on (12) and (13), the average holding cost of the WIP
inventory of the product j is

h,D, RS,
Corey = M—M[S +m (L+ py )0 1[2M; + ) +Rymy (1+ ;)] (14)

Total holding cost for perfect products (TCHIj)

In order to calculate the holding cost of the warehouse inventory, we
first need to estimate the average warehouse inventory. Regarding Fig.
4, we have

1
_ EQy(l_pzy’)zj 1
I; = T =5Q,-,»(1—pzl-j) (15)

i

Hence, using (5) and (15), the holding cost of the warehouse inven-
tory for the product j becomes

IC,, = hyc,l, =—h iAM +R[Q—+m,,(1+P1,,)]}QU(1 py)  (16)

g

Finally, the total annual inventory cost of all products described in (1)
is given in (17).

TC = Zle Z’;’zl (TCp; +TCpy +TC +TCpy +TCpppp +TC )

lij

m;D, A.D, 1,D,
it/ Ut/ A it +a(l- p, )M,0,
(1 pZij) Q;/(l ng;) (l_pzi]‘) ' C
h.D..

iy
' 2(1=pay) [Sij (1 p“/)Qif] (17)

22
o i=1 ded j=1
i

R;S,;
x| 2M; +— ’+Rm(1+pll.j)

i

S 1
+hg/{M;'/ +Rg {a"'ml/(l"'pm) }EQii(l_pﬂ/’)

g

&>



Problem formulation

The objective of the model is to determine the optimum value of Q;
for each supplier such that the total annual cost is minimized and the fol-
lowing constraints are satisfied:

1. The warehouse space to store the products is limited and

2. Budget limitation.

Hence, the problem can be formulated as:

m.D. A4;D; 1D,

Ut}

A=p) Ol (1 Pay)

[, +m;(1+ p,)O, |

+oa(l- Py )Mijsz 2(1—

MinTC= Y 37

RS,
X|2M, +—— 0 =+ Rom, (1+ p) [+ by

i

i

S, 1
X{M{j + Rij |:Q_]+ mij(l + plzj):|}EQij(l - pZij)

St.:
D U=p)f;0,<F (18)
j=1 i=1
( p21])C 7 (19)
j=l i=1
Q,>0;j=1.mi=1..n (20)

Since the model in (18), (19) and (20) is a constrained non-linear integer
program, in the next section a genetic algorithm will be proposed to solve it.

Genetic Algorithm

GAs mimic the evolutionary process by implementing a “survival of
the fittest” strategy. GAs are probabilistic search and optimization techni-
ques guided by the principles of evolution and natural genetics. This met-
hod provides global near-optimal solutions of an objective or fitness fun-
ction by striking a remarkable balance between exploration and exploita-
tion in complex, large, and multi-modal landscapes.

7
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A more complete discussion of GAs including extensions to the ge-
neral algorithm and related topics can be found in books by Davis [36],
Goldberg [37], Holland [38] and Michalewicz [39].

In each evolution step of a standard genetic algorithm, a new popu-
lation is created from the preceding one using the selection, crossover
and mutation operators that explain these in the following.

In the next subsections, we demonstrate the steps required to solve
the model given in (18), (19) and (20) by a genetic algorithm.

Chromosome representation

The first step of developing a GA is to encode the problem’s varia-
bles as a finite-length string called chromosome. Traditionally, chromoso-
mes are a simple binary string. This simple representation is not well sui-
ted for combinatorial problems; therefore, a chromosome consisting of in-
tegers is a solution in this paper. In the GA method, we select a two-di-
mensional structure to represent a solution. This matrix has n rows and
m columns. The elements of each column show the number of products.

127 32 45 50

Figure 5. Structure of a chromosome

{15 10 67 20 38}

In addition, the elements of each row show the number of suppliers.
For example, when we have 2 suppliers and 5 products, the chromoso-
me matrix is 2x5. Fig. 5 presents a typical form of a chromosome.

Initialization of the population

For any GA it is necessary to initialize the population. The most
common method is to randomly generate solutions for the entire popula-
tion. Since GAs iteratively improves existing solutions, the beginning po-
pulation can be seeded by the decision maker with individuals from other
algorithms or from an existing solution to the problem. The remainder of
the population is then seeded with randomly generated solutions.

In this research, the initial population is randomly generated regar-
ding the population sizes that vary between 1 and a maximum order.

Constraint-handling and fitness evaluation

The fitness value is a measure of the goodness of a solution with re-
spect to the original objective and the “amount of infeasibility”. The fit-
ness function is formed by adding a penalty to the original objective fun-

ction in the MIP model [40, 41].
245



Since finding a feasible solution (which will satisfy all constraints in
the MIP model) is a major problem and there is a difficulty to find even
one feasible solution, we use the penalty approach to decrease the fit-
ness of infeasible solutions towards the feasible region.

In this study, we use the additive form of the penalty function
(Pen(S)) and the fitness function (fitn(S)) with the following form:

fitn(S) = f(S)+ Pen(S)
Pen(S)=0  if Sis feasible (21)
Pen(S)>0  otherwise

Where, f(S) is the objective function in (18), (19) and (20) and S re-
presents a solution. In this approach, we search for the solution that mini-
mizes fitn(S).

Selection operator

The selection of parents to produce successive generations plays an
extremely important role in the GA. The goal is to allow the fittest indivi-
duals to be selected more often to reproduce. However, all individuals in
the population have a chance of being selected to reproduce the next ge-
neration. Each individual is assigned a probability of being selected with
better individuals having larger probabilities. There are several schemes
for determining and assigning the selection probability, e.g. roulette whe-
el selection, tournament selection and its extensions scaling techniques
and ranking methods [37] and [39].

A “roulette wheel selection” procedure has been applied for the se-
lection operator of this research. This selection approach is based on the
concept of selection probability for each individual proportional to the fit-
ness value. For individual k with fitness f, its selection probability py is
calculated as follows:

P (22)

>

k=1

Then a biased roulette wheel is made according to these probabiliti-
es. The selection process is based on spinning the roulette wheel PopSi-
ze times. The individuals selected from the selecting process are then
stored in a mating pool. Moreover, in order to prevent losing the best-fo-
und solution, a simple elitist strategy is also used in which the best chro-
mosome of each generation is always copied to the next generation wit-
hout any modification. This selection approach causes the algorithm to

converge faster.
250
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Genetic Operators

There are two types of operators involved in the genetic algorithm
proposed: mutation and crossover.

7 12 10 20 31 '7 12 32 20 31]

[so 95 120 114 1?6] |h? 95 B6\114 WBJ
forod

15 23 32 18 24 15/ 23, 10 18\ 24|

{?5 112 86 126 150J {3 1127120 126 15@_|

Figure 6. An example of a crossover operation

In this research, we use single point crossover with different values
of the P, parameter ranging between 0.45 and 0.85. We note that an in-
feasible chromosome that does not satisfy the constraints of the models
(18), (19) and (20) does not move to the new population. Fig. 6 demon-
strates the crossover operation.

In this research different values between 0.05 and 0.35 are chosen
as different values of P,,.. We note that an infeasible chromosome that
does not satisfy the constraints of the models in (18), (19) and (20) does
not move to the new population. Fig. 7 shows an example of the mutation
operator for four products in which P, is chosen to be 0.35.

[26353240] [2835 22 21]

N

Randomly Generated Chromosome [0.45 0.63 0.58 0.25]

Figure 7. A graphical representation of the mutation operator

Stopping criteria

The last step in the methodology is to check if the method has found
a solution that is good enough to meet the user’s expectations. Stopping
criteria is a set of conditions such that when the method satisfies them, a
good solution is obtained. In this paper, the proposed GA is run for a fi-

xed number of generations.
>



Setting the Parameters
of the Genetic Algorithm

The response surface methodology is a collection of mathemati-
cal and statistical techniques that are useful for the modeling and
analysis of problems in which a response of interest is influenced by
several variables and the objective is to optimize this response. The
central composite design (CCD) is a response surface method that al-
lows one to keep the size and complexity of the design low and simul-
taneously obtain some protection against curvature, as described by
Montgomery [42].

One important decision to make when implementing a genetic algo-
rithm is how to set the parameters values.

Table 1
The GA input parameter levels of the factorial design
Parameters Min Max
Max Gen 100 500
N 20 60
P 0.45 0.85
Pm 0.05 0.35

In order to satisfy this condition a central composite design is selec-
ted. Since there are four factors, a fractional factorial design with 2* fac-
torial points, 2x4 axial points and seven central points, requiring thirty
one experiments, are required.

In this research, the factors that affect the response are the popu-
lation size (PopSize), the maximum number of generations (MaxGen),
the crossover probability (P.) and the mutation probability (P,). The se-
lected design factors each with three levels are listed in Table 1. The
selected optimum parameters are the ones with the best fithess value
obtained by GA.

GA parameters results

In order to evaluate the GA parameters, an example with parame-
ters (F=10000, X=150000, a=0.1, n=2 and m=10) is presented. The data
of this example is given in Table 2.

&>
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Table 2
Data of the example
ne. é D4 D, |A1|A2| M: | M S1 S m; | mz | pu | pi2
1. 20 22 21 | 28 8 10 | 0.017 | 0.02 | 0.01 | 0.03 | 0.24 | 0.1
2. 22 22 26 | 18 9 5 0.01 | 0.014 | 0.14 | 0.38 | 0.15 | 0.25
3. 19 28 23 | 31 5 7 0.02 | 0.018 | 0.15| 0.2 | 0.25 | 0.09
4. 30 19 31|29 9 6 0.04 | 0.01 0.1 0.1 | 0.15| 0.26
5. 21 20 18 | 21 7 4 0.013|0.011|0.18 {0.19| 0.1 | 0.19
6. 27 24 29 | 25| 11 9 0.01 0.01 | 0.01 ]0.25|0.12 | 0.16
7. 30 21 26 | 22 8 10 | 0.011 | 0.024 | 0.1 | 0.23 | 0.21 | 0.15
8. 20 20 21 | 26 8 0.01 | 0.032 | 0.11 | 0.16 | 0.26 | 0.13
9. 20 17 28 124 | 10 9 0.01 0.04 | 0.05]0.25|0.18 | 0.21
10. | 24 18 27 | 15 5 8 0.05 | 0.098 | 0.11 | 0.25 | 0.16 | 0.14
ne. é P21 | P22 | R1| R2| h4 h; I I2 f f C1 C
1. 1 0.05| 0.1 15110 | 0.1 | 0.38 15 6 15 9 55 36
2. 0.1 0.02 |14 |15 | 0.5 | 0.10 12 5 18 15 35 26
3. 10.01]| 006 |13 | 9 | 0.98]|0.28 14 7 13 32 40 29
4, 1006 | 0.09 |12 11]052| 0.3 12 10 16 8 60 23
5. 1006 | 0.12 | 15| 9 | 0.24 | 0.16 7 12 10 16 45 28
6. [0.09| 005 {12 |13 |0.35|0.28 9 10 8 14 65 34
7. 10.05| 007 |14 | 8 | 0.16 | 0.24 26 10 21 10 80 26
8. |0.05(0.045| 15|12 | 0.25 | 0.32 12 14 14 8 35 27
9. 10.08|0.065|12 | 9 | 042 0.18 11 4 16 15 50 25
10. | 011 | 0.08 | 11|11 ]0.25| 0.2 13 8 13 17 75 24

The design matrix of the selected central composite design along
with the experimental results is shown in Table 2. The PTYPE column of
Table 3 represents the type of the design points (“-1” for the axial points,
“0” for the central points and “1” for the factorial points). The last column
of Table 3 represents the best fitness value for each problem obtained in

the last generation of GA.

In order to fit the data to a regression model, an independent
analysis for response, fitness, is required. Second-order coefficients were
generated by regression with stepwise elimination. The first step is to
identify significant factors in the model. For this purpose, a multiple re-
gression analysis and an analysis of variance (ANOVA) are developed
for both responses.
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Table 3
Design matrix of the central composite design
Osl:;zr gZZr T;Ze Blocks S;:g?N) ’C':‘,:: Pe Pm | Fitness
21 1 -1 1 40 300 | 0.100 | 0.550 | 29286
4 2 1 1 50 400 | 0.325 | 0.325 | 29184
24 3 -1 1 40 300 | 0.550 | 1.000 | 29105
30 4 0 1 40 300 | 0.550 | 0.550 | 29141
15 5 1 1 30 400 | 0.775 | 0.775 | 29048
31 6 0 1 40 300 | 0.550 | 0.550 | 29080
2 7 1 1 50 200 | 0.325 | 0.325 | 29524
12 8 1 1 50 400 | 0.325 | 0.775 | 29032
20 9 -1 1 40 500 | 0.550 | 0.550 | 29117
7 10 1 1 30 400 | 0.775 | 0.325 | 29328
18 11 -1 1 60 300 | 0.550 | 0.550 | 29120
16 12 1 1 50 400 | 0.775 | 0.775 | 29092
14 13 1 1 50 200 | 0.775 | 0.775 | 29251
9 14 1 1 30 200 | 0.325 | 0.775 | 29147
22 15 -1 1 40 300 | 1.000 | 0.550 | 29217
25 16 0 1 40 300 | 0.550 | 0.550 | 29227
13 17 1 1 30 200 | 0.775 | 0.775 | 29174
10 18 1 1 50 200 | 0.325 | 0.775 | 29267
11 19 1 1 30 400 | 0.325 | 0.775 | 29090
19 20 -1 1 40 100 | 0.550 | 0.550 | 29749
26 21 0 1 40 300 | 0.550 | 0.550 | 29088
5 22 1 1 30 200 | 0.775 | 0.325 | 29731
3 23 1 1 30 400 | 0.325 | 0.325 | 29242
29 24 0 1 40 300 | 0.550 | 0.550 | 29240
1 25 1 1 30 200 | 0.325 | 0.325 | 29700
6 26 1 1 50 200 | 0.775 | 0.325 | 29225
23 27 -1 1 40 300 | 0.550 | 0.100 | 29536
28 28 0 1 40 300 | 0.550 | 0.550 | 29145
17 29 -1 1 20 300 | 0.550 | 0.550 | 29406
27 30 0 1 40 300 | 0.550 | 0.550 | 29244
8 31 1 1 50 400 | 0.775 | 0.325 | 29164

The analysis of the variance is a partition of the total variability into
its component parts. The regression coefficients, standard error, p-valu-

es, and coefficient of determination (R?) are presented in Table 4.
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Table 4
Multiple regression analysis for fithess
Term Coefficient SE Coef t-Value | p-Value
Constant 29166.7 32.77 890.136 0.000
Main (linear) effects
PopSize -53.9 17.70 -3.045 0.008
MaxGen -129.3 17.70 -7.306 0.000
Pc -13.1 17.70 -0.743 0.469
P -119.1 17.70 -6.731 0.000
Squared effects
PopSizexPopSize 15.0 16.21 0.928 0.367
MaxGenxMaxGen 57.6 16.21 3.556 0.003
PcxPg 12.2 16.21 0.755 0.461
Pm*Pp 294 16.21 1.816 0.088
Interaction effects
PopSizexMaxGen 15.5 21.67 0.714 0.486
PopSizexP. -23.6 21.67 -1.087 0.293
PopSizexPp, 67.9 21.67 3.134 0.006
MaxGenxP; 21.3 21.67 0.982 0.341
MaxGenxPp, 42.7 21.67 1.971 0.066
PcxPr 14.4 21.67 0.663 0.517
8§ =86.6923 PRESS =561011 R-Sq = 89.76%
The ANOVA for fitness is shown in Table 5.
Table 5
Analysis of variance for fithess
Source DF Seq SS Adj SS Adj MS F P
Regression 14 1054135 1054135 75295 10.02 0.000
Linear 4 815512 815512 203878 27.13 0.000
Square 4 112362 112362 28091 3.74 0.025
Interaction 6 126261 126261 21044 2.80 0.047
Residual Error 16 120249 120249 7516
Lack-of-Fit 10 90327 90327 9033 1.81 0.241
Pure Error 6 29922 29922 4987
Total 30 1174384

This analysis was carried out for a level of significance of 5%, that is,
for a level of confidence of 95%. The (R?) value of 89.76% and the F-va-
lue for the regression was significant at a level of 5% (p<0.05), while the
lack of fit was not significant at the 5% level (p>0.05), indicating the good
predictability of the model. It should be noted that the high value of R? is
due to the fact that all sources of randomness in a GA algorithm (the po-
pulation size, the maximum number of generations, the crossover proba-
bility and the mutation probability) are taken into account and that a se-
cond-order model was used to model the performance.
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Discussion

Based on the results of Table 4, the estimated regression function is:

FitnessFunction =29166.7-53.9N —129.3MaxGen—13.1P, —119.1P,
+15N? +57.6MaxGen® +12.2P* +29.4P +15.5N
xMaxGen—23.6NxP +67.9N x P _+21.3MaxGen
x P +42.7MaxGenx P, +14.4P. x P,

(23)

Since the most significant GA parameters have been defined so far,
the next step is to determine the best values of these parameters that
lead to the best value of the fitness function. The estimated regression
function (the objective function) that needs to be minimized along with
the constraints within the GA parameter ranges is solved by Lingo soft-
ware. Table 6 shows the optimum results.

In the next section a numerical example is given to demonstrate the
applicability of the proposed parameter-tuned GA.

Table 6
The Lingo optimum solution
N* MaxGen* P.* Pm* Cost
60 500 0.85 0.35 14896990

A Numerical Example

Let us consider a multi-product inventory control model with ten pro-
ducts and general data given in Table 2. In this example, F=10000,
X=150000, a=0.1 and the initial parameters of GA (PopSize, MaxGen, P,
and P,) were set according to Table 6. The optimal solution of this pro-
blem, gained by the proposed algorithm, is as follows:

55 44 58 43 51 46 42 52 45 38

Fitness = 29122

[44 55 40 55 48 52 56 47 53 60}

This solution indicates that for example; the order quantity for
product five by supplier two is 51 or the order quantity for product ten by
supplier one is 60. Furthermore, based on the fitness values, the graph of
the convergence path is presented in Fig. 8.
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Figure 8. The graph of the convergence path
Conclusions

In this paper a multi-product and multi-supplier EPQ model with limi-
ted warehouse space and budget was presented, with defective items
and reworking being considered. Under these conditions, the problem
was formulated as a non-linear integer-programming model and a para-
meter- tuned genetic algorithm was proposed to solve it. In the end, a nu-
merical example was presented to demonstrate the application of the
proposed methodology. In this example, the optimum values of the GA
parameters were obtained using the RSM.
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OPTIMIZACIJA MODELA ZA PROIZVODNJU | KONTROLU
ZALIHA PRIMENOM GENETSKIH ALGORITAMA

OBLAST: matematika (operaciona istrazivanja)
VRSTA CLANKA: originalni nau&ni ¢lanak

SazZetak:

U ovom radu izvr§eno je proSirenje (optimizacija) modela za eko-
nomsko upravljanje proizvodnjom i skladiStenjem dobara. Model je pro-
Siren imajuci u vidu heterogenost proizvoda i dobavijaCa, kao i ograni-
Cenja u vidu magacinskog prostora i budZetska ograni¢enja. U radu je
pokazano da opisani problem ima nelinearna ogranienja i predloZzeno
Je reSenje primenom genetskih algoritama. Na kraju rada prikazan je
numeri¢ki primer koji je obraden na osnovu opisane metodologije.

Uvod i pregled literature

Ovaj model se moZe smatrati kao proSirenje poznatog modela
Ekonomska koli¢ina naloga (EKN) [1]. Bez obzira na jednostavnost
EKN i EPK modela, oni se i dalje primenjuju u industriji [2].

Tradicionalni EPK modeli pretpostavijaju da proizvodni proces
proizvodi proizvode savr§enog kvaliteta. Medutim, greSke koje se ja-
vljaju tokom proizvodnog procesa su cinjenice koje su neizostavne za
svako radno mesto. Mnogo je realnije pretpostaviti da je proizvodni
proces ponekad nesavrSen tj. propracen je greSkama. Takav proces
proizvodnje naziva se nesavrsen proces proizvodnje [3].

Definisanje problema

U radu je razmatran problem u kojem kompanifja proizvodi vise proiz-
voda za viSe dobavijaca. Svi proizvodi koji se proizvedu svrstavaju se kao
savrseni, nesavrdeni (defektni, ali se mogu popraviti) i potpuno nesavrse-
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ni (defektni, ali se ne mogu popraviti) proizvoda. Cilj je da se utvrdi kolici-
na proizvoda koju zahteva svaki snabdevac, a da se istovremeno ukupna
koli¢ina zaliha se smanjuje uz zadovoljenje svih ogranicenja.

Modeliranje problema

Da bi se matematicki formulisao problem, uzeli smo prednost kla-
siénog EPK model i proSirili ga na problem koji sadrzi savrSene, nesa-
vr§ene i potpuno nesavrSene proizvode zajedno sa ograni¢enjima u
pogledu skladista i budZetkih kapaciteta. Da bi se modelirao problem,
prvo su definisani parametri i promenljive. RazliCiti tro§kovi su izvedeni
u narednom odeljku, a na kraju je predstavljen model problema.

Tro8kovi kalkulacije
Ukupan godisnji troSak proizvoda predstavija zbir ukupnih trosko-
va nabavki, ukupni troSkovi inspekcija, ukupni transportni troskovi,
ukupni troSkovi za VIP zalihe i ukupni troSkovi odrZzavanja skladiStnog
prostora za sve proizvode. Drugim re¢ima, imamo:
TC=>" ZH (TC,, +TC,, +TC,; +TCy, +TC

WiPij

+71C,, ) (1

Formulacija problema

Cili modela jeste da se odredi optimalna vrednost za svakog do-
bavljaca, tako da se ukupan godisnji troSak svede na minimum, uz za-
dovoljenje sledecih ograniéenja:

1. Ograni¢enje magacinskog prostora za skladiStenje proizvoda i

2. BudzZetska ogranicenja.

Dakle, problem moZe biti formulisan kao:

mD; _ AD, LD

iy /)

(1 - ng/) Qg/(l - ng/) (1 - ng/)

+a(1_p21/) l/Ql/ + S +mz/ (1+plt/)Ql/:|

2(1_ 21/)|:
MinTC =30 >0 [

g

RUSU
M, +——+R,m,;(1+ p;;) |+h;

S,
X{Mg/ + R; |:a + mz/ (1 + pm ):I} Qz/ ( pz;/)

ij

gde je:
2.2 (=p)f;0,<F (18)
j=1 =l
ZZU—PM)% ;<X (19)
j=1 =l
Q,=0,j=1..mi=1.n (20)
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Genetski algoritam

Genetski algoritmi (GA) imitiraju evolutivni proces primenom strategije
koja se Cesto naziva ,,opstanak najsposobnijih jedinki“. Genetski algoritam je
heuristiCki metod optimizacije koji je zasnovan na evoluciji Zivih organizama.
Genetski algoritmi predloZeni su od strane Johna H. Hollanda jo$§ u ranim
sedamdesetim godinama proSlog veka. Osnovna je ideja ovih algoritama je
kopiranje rada prirodnog evolucijskog procesa. Optimalna rjeSenja zadatih
problema nije uvek moguce pronaci klasicnim metodama pretraZivanja jer je
prostor reSenja problema najceSce prevelik da bi raunar mogao pretraZiti
sva reSenja u nekom razumnom vremenu. Ako evoluciju promatramo kao
salgoritam® koji traZi optimalno reSenje (cilj je stvoriti Sto napredniji organi-
zam), moZemo reci da je prirodna evolucija vrio uspesan ,algoritam®. Nakon
4,5 miljarde godina izvodenja taj algoritam i dalje pronalazi kvalitetna rjese-
nja. Ziva bica danas reSavaju velik broj problema, uklju¢ujuci mnoge proble-
me koje danasnji racunari ne mogu reSiti.

Osnovni parametri koji odreduju evoluciju, pa tako i genetske al-
goritme, su: nacin Kodiranja svojstava jedne jedinke, nacin evoluacije
dobrote jedinke, nacin selekcije, ukrstanja i mutacije. Navedeni para-
metri su obja$njeni u narednom delu rada.

Zastupljenost hromozoma

Prvi korak u razvoju GA je kodiranje promeniljivih u obliku kona¢nog
niza koji se nazivahromozom. Tradicionalno, hromozomi su jednostavni
binarni string. Ova jednostavna zastupljenost nije pogodna za kombinator-
ne probleme. Medutim, da bi se navedeni problem eliminisao, u ovom ra-
du su hromozomi predstavijeni celim brojevima. U GA smo izabrali dvodi-
menzionalnu strukturu u predstavijanju reSenja. Ova matrica ima n redova
i kolona. Elementi svake kolone pokazuju broj proizvoda. Pored toga, ele-
menti svakog reda pokazuje broj dobavijaca. Na primer, kada imamo 2
dobavijaca i 5 proizvoda, hromozom matrica je 2 x 5.

Inicijalizaciju populacije

Za bilo GA neophodno je da se definiSe pocetna populacija.NajceSci
metod je da se nasumicno generisu reSenja za celu populaciju. Nakon toga
GA iterativno poboljSava postojeca reSenja. Kreiranje inicijalne populacije je
Jedan od Cetirij trenutaka u kojima se u procesu optimizacije koristi slucajni
odabir. Osim ovde, slu¢ajni odabir se koristi i pri selekciji jedinki za sliedecu

generaciju, odabiru tacke prekida kod ukrtanja i za mutaciju gena jedinke.
Ogranicenje za obradu i fitnes evaluaciju

Fitnes vrednost je mera dobrote reSenja u odnosu na originalni
cilj. PronalaZenje izvodljivog reSenja (koje Ce zadovoljiti sva ogranice-
nja u modelu) je veliki problem i postoje poteskoce u pronalazenju ¢ak
i jednog izvodljivog reSenja. Stoga je koriS¢en navedeni metod da bi se
eliminisali opisani nedostaci.

Izbor operatera

Izbor roditelja za proizvodnju narednih populacija GA igra izuzetno va-
Znu ulogu. Cilj je da se omoguci najsposobnijim jedinkama da budu izabrani
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i da se ¢eSce reprodukuju. Medutim, sve jedinke u populaciji imaju Sanse da
budu izabrane za reprodukciju sledece generacije. Svakoj jedinki dodeljena
Jje odredena verovatnocCa. Time se postiZe to da jedinke sa vecom verovat-
nocom imaju vecu Sansu da budu izabrane. Postoji nekoliko nacina za
odredivanje i rasporedivanje verovatnocCe jedinkama, na primer, rulet selek-
cifa, turnir selekcija i proSirenja tehnike skaliranja i metode rangiranja.

Genetski operatori

Postoje dve vrste operatera u genetskim algoritmima: mutacija i
ukrstanje.

U procesu ukrstanja ucetvuju dve jedinke koje se nazivaju roditelfi. Da-
kle, ukrstanje je binarni operator. UkrStanjem nastaje jedna ili dve nove jedin-
ke koje se nazivaju deca. NajvazZnija karakteristika ukrstanja je da deca na-
sleduju svojstva svojih roditelja. Ako su roditelji dobri (prosli su proces selek-
cije), tada ¢e najverovatnije i dete biti dobro, ako ne i bolje od svajih roditelja.

Drugi operator koji je karakteristiCan za genetski algoritam je mu-
tacija ili slu¢ajna promena jednog ili vi§e gena.

Provera reSenja

Poslednji korak u metodologiji da provera da li je metod nasao re-
Senje koje je dovoljno dobro da ispuni oéekivanja korisnika. Provera re-
Senja podrazumeva proveru ispunjenja postavijenih kriterijuma.

PodeSavanje parametara genetskog algoritma

Jedan od vaznih postupaka prilikom sprovodenja genetskog algo-
ritma je podeS8avanje parametara. U tom cilju izabrana je metoda Cen-
tralnog kompozitnog dizajna.

Diskusija

Nakon definisanja najznacajnijih GA parametara pristupa se utvr-
divanju najbolje vrednosti ovih parametara koji dovode do najbolje
vrednosti fitnes funkcije. Tabela 6 pokazuje optimalne rezultate.

U slede¢em delu na numeri¢kom primeru prikazana je primenji-
vost predlozenih parametara GA.

Zakljugak

U ovom radu prikazan je model koji analizira vise proizvoda i vise do-
bavijaca sa realnim ograni¢enjima u pogledu magacinskog prostora i bu-
dZeta. Pod ovim uslovima, problem je formulisan kao nelinearan i definisan
je genetski algoritam za reSenje opisanog problema. Na kraju je dat nume-
ricki primer koji demonstrira primenu predloZene metodologije.

Klju€ne reci: Genetski algoritam, ekonomske proizvodnja dobara, opiti-
mizacija.
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