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a b s t r a c t

In this paper, two multi-objective mixed integer non-linear models are developed for multi-period lot-

sizing problems involving multiple products and multiple suppliers. Each model is constructed on the

basis of three objective functions (cost, quality and service level) and a set of constraints. The total costs

consist of purchasing, ordering, holding (and backordering) and transportation costs. Ordering cost is seen

as an ‘ordering frequency’-dependent function, whereas total quality and service level are seen as time-

dependent functions. The first model represents this problem in situations where shortage is not allowed

while in the second model, all the demand during the stock-out period is backordered. Considering the

complexity of these models on the one hand, and the ability of genetic algorithms to obtain a set of Pareto-

optimal solutions, we apply a genetic algorithm in an innovative approach to solve the models.

Comparison results indicate that, in a backordering situation, buyers are better able to optimize their

objectives compared to situations where there is no shortage. If we take ordering frequency into account,

the total costs are reduced significantly.

& 2010 Elsevier B.V. All rights reserved.
1. Introduction

Recently, the ‘Dynamic version of the economic lot size model’
paper by Wagner and Whitin (1958) was elected one of the ten
most influential publications in the first half century of Manage-
ment Science (Wagner, 2004), which is an indication of the
importance of lot-sizing problem in the area of management
science. The authors investigated a single product, multi-period
lot-sizing model. In later decades, this problem was extended in
several directions. In a comprehensive literature review, Karimi
et al. (2003) represented a number of important characteristics of
lot-sizing models, including the planning horizon (long term versus
short term), number of levels (single level versus multi-level),
number of products (single item versus multiple items), capacity or
resource constraints (capacitated versus incapacitated), deteriora-
tion of items, demand, setup structure and shortage. Interested
readers are referred to Robinson et al. (2009), Ben-Daya et al. (2008)
and Karimi et al. (2003) for different models and classifications of
the lot-sizing problem.

One recent approach to this problem, examining the increasing
importance of supply chain management (SCM), takes a combined
look at lot-sizing and supplier selection. Few papers in this area (e.g.
Rezaei and Davoodi, 2008; Dai and Qi, 2007; Basnet and Leung, 2005)
ll rights reserved.

: +31 15 27 83177.
discuss situation where buyers can simultaneously select the most
suitable suppliers for each period and optimize the lot size of each
product. The implicit assumption of these papers is an arm’s length
relationship between buyer and supplier, as they merely emphasize
the role of costs in the decision-making process, ignoring the
potential role of other essential factors in facilitating cooperation
(Mentzer et al., 2001; Morgan and Hunt, 1994), which means that in
these papers, the problem has been formulated in a single objective
format based on purchasing cost, holding cost and ordering cost.

Although transportation costs form a substantial part of the
total logistics costs of a product, they are surprisingly often ignored
in the bulk of lot-sizing research (van Norden and van de Velde,
2005). Ertogral et al. (2007) explicitly integrated the transportation
cost in the single-vendor single-buyer problem and concluded that
this combination can reduce the overall costs of a system.

In this paper, we combine the lot-sizing problem with supplier
selection and present two multi-objective models with regard to
shortage occurrence. Although, in the framework of SCM, where
there is some agreement between buyer and supplier, for instance
in the form of a procurement collaboration (Meyr et al., 2008), it is
possible to avoid shortage, it sometimes is inevitable or planned
(Sharafali and Co, 2000). Large companies that have successfully
implemented SCM, like Dell, Cisco Systems and HP, are sometimes
faced with inventory shortage (Walsh, 2010; Gollner, 2008). There
are several causes for inventory shortage, including part variations,
mis-operation, inventory reduction (Jiang et al., 2010), small
number of suppliers, conservative production plan of suppliers
(Xu, 2010) and supplier’s service level. As such, the problem should
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be studied in two different situations: (1) when shortage is avoidable
and (2) when shortage is inevitable or planned. Taking these two
different scenarios into account, the first model is formulated
assuming the shortage is not allowed, whereas in the second model
the shortage is assumed to be allowed and backordered.

Thus far, only a few researchers have used genetic algorithms to try
and solve the inventory and lot-sizing problems in general (Gupta et al.,
2007; Rezaei and Davoodi, 2005; van Hop and Tabucanon, 2005;
Dellaert et al., 2000; Disney et al., 2000) and ‘lot-sizing with supplier
selection problem’ in particular (e.g. Sadeghi Moghadam et al., 2008;
Rezaei and Davoodi, 2008, 2006; Liao and Rittscher, 2007; Xie and
Dong, 2002; Dellaert et al., 2000). In this paper, we look at some robust
and unique characteristics of genetic algorithms, especially those
dealing with multi-objective problems, and adopt a genetic algorithm
approach to solve these problems, introducing a new flexible approach
to dealing with hard constraints in multi-objective optimization
problems.

The remainder of this paper is organized as follows. In Section 2, we
present the formulation of the models. In Section 3, we present a
genetic algorithm to solve these models. In Section 4, two numerical
examples and comparison results are presented. Finally, in Section 5,
we provide our conclusions and offer suggestions for future research.
2. Mathematical modeling

In this section, we present two multi-objective mixed-integer non-
linear programming (MOMINLP) models: (1) an MOMINLP model
without shortage and (2) an MOMINLP model with backordering, both
of which with three objective functions and a set of constraints. We use
the following notations to formulate the models.

Notations

I number of products
J number of suppliers
T number of periods
xijt number of product i ordered to supplier j in period t

pij net purchase cost of product i from supplier j

oj ordering cost for supplier j

gj transportation cost for supplier j per vehicle
yjt binary integer: 1, if the order is given to supplier j in

period t, 0, otherwise
hi holding cost of product i per period
dit demand of product i in period t

fijt quality level of product i offered by supplier j in period t

sijt service level of product i offered by supplier j in period t

lij quality level growth rate of product i offered by supplier j

gij service level growth rate of product i offered by supplier j

bj ordering cost reduction rate for supplier j

cij capacity of supplier j in production of product i per period
bi backordering cost of product i

wi occupied space by product i in warehouse or vehicle
W total storage capacity
vj vehicle capacity for supplier j
2.1. MOMINLP model without shortage

In this model, there are three objectives: total cost, total quality level
and total service level, and a set of constraints. The problem is to
determine which products to order in which quantities from which
suppliers in which periods, in order to satisfy overall demand. The main
assumption is that shortage is not allowed. In the following section, we
describe the components and formulation of the problem.
2.1.1. Objective functions

Total cost: The sum of the purchasing costs, ordering costs,
holding costs and transportation costs in all periods should be
minimized. Most existing studies only include the first three types
of costs and ignore transportation costs. The total purchasing costs
are the sum of the purchasing costs of all products from all selected
suppliers in all periods. In most cases, ordering costs are formulated
as ojyjt where oj is the ordering cost for supplier j and yjt a binary
variable that is 1 if an order is placed with supplier j in time period t

and that otherwise is 0. However, in most real situations, this is not
the case, especially in an SCM framework. As pointed out in many
studies (e.g. Spekman et al., 1998; Lambert, 2008), the key driver of
buyers in SCM is cost reduction. As Woo et al. (2001) have found,
reduction in ordering cost is positively related to ordering fre-
quency, in other words, the higher the ordering frequency, the
higher the ordering cost reduction, which is why we propose an
exponential relationship between the total ordering cost for
supplier j and the number of orders (order frequency) placed with

that supplier (
Pt

k ¼ 1 yjk), which results in the following cost

formula: oje
�bj

Pt

k ¼ 1
yjk yjt . In formulating the holding costs, we

should note that, because the supplier’s service level is not
necessarily 100%, the total number of received items in period t

is not necessarily equal to the total number of ordered items in the
same period.

With regard to transportation costs, we assume that the buyer,
based on criteria like geographic distance to the supplier, uses
different vehicles with different capacities. However, these vehi-
cles can be used for all kinds of ordered products.

Therefore we have:
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Total quality level: Product quality is defined in terms of con-
formance to product-related customer requirements, where custo-
mer requirements are the requirements that should be fulfilled to
meet the customer’s needs (Berden et al., 2000). The overall quality
level of all the products ordered from all suppliers in all periods
should be maximized. In existing literature (e.g. Liao and Rittscher,
2007; Amid et al., 2006), the quality level of products is implicitly
assumed to be equal in all periods. However, product quality may
vary over time. In this paper, we use an exponential time-dependent
function for the quality level of individual products as fij0elijt, where
fij0 is the quality level of product i offered by supplier j at the first
point of planning horizon. If the buyer predicts that the quality level
of product i offered by supplier j will have an increasing trend lij40,
otherwise lijr0. This results in the following formula:

maxz2 ¼
X

i

X
j

X
t

fij0elijtxijt ð2Þ

Total service level: We adopt the b service level from Schneider
(1981) and, for the purpose of this paper, define the service level of
supplier j for product i in period t as follows:

sijt ¼
satisfied ordered items of product i to the supplier j in period t

ordered items of product i to the supplier j in period t

Because the supplier’s service level affects the buyer, especially
with regard to safety stock levels and costs, the buyer wants to
maximize the overall service level of all products ordered from all
suppliers in all periods. The construction of this function is similar
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to the previous objective function, while it is different from existing
studies literature in terms of its predictability, which is why we use
an exponential time-dependent function

maxz3 ¼
X

i

X
j

X
t

sij0egij txijt ð3Þ

It is assumed that undelivered items that were ordered in period
t will be delivered by the end of the next period.

2.1.2. Constraints

The constraints of this problem are formulated as follows:
Demand: This constraint stipulates that all requirements must

be met in the period in which they originate. In other words,
shortage or backordering is not allowed. As a result, because the
supplier’s service level is not necessarily 100%, the buyer should
maintain a safety stock, which for product i in period t is calculated
as
P

jð1�sij0egij tÞxijt , resulting in the following formula:

Xt

k ¼ 1

X
j

xijk�
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dikZ

X
j

ð1�sij0egij tÞxijt for all i and t ð4Þ

Charging ordering cost: According to this constraint, buyers
cannot place an order without facing appropriate ordering costs.
Note that there is no any contradiction between this constraint and
the above-mentioned formulation of ordering costs in z1.

XT

k ¼ t

dik

 !
yjt�xijt Z0 for all i, j and t ð5Þ

Inventory at the end of planning horizon: This constraint guar-
anties that, at the end of planning horizon, the inventory level of
each item will be zero
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X
j
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X
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However, if the buyer wants to hold inventory at the end of
planning horizon, we can replace Eq. (6) with

PT
t ¼ 1

P
jxijt�P

jð1�sij0egijT ÞxijT�
PT

t ¼ 1 dit Zci for all i, where ci indicates the
lower bound of inventory of product i at the end of planning horizon.

Storage capacity: This constraint shows that the buyer has a
limited storage capacity in each period:
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Supplier capacity: This constraint indicates that the number of
products i ordered from supplier j in period t should be equal to or
less than the supplier’s capacity to deliver this product.

xijt rcij for all i, j and t ð8Þ

Binary and non-negativity constraints:

yjt ¼ 0 or 1 for all j and t, xijt Z0 for all i, j and t ð9Þ

In this problem, because shortage is not allowed and suppliers
have limited capacity, the following inequality has to be satisfied:

Xt
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X

j

tcij for all i and t ð10Þ

The resulting multi-objective mixed integer non-linear pro-
gramming (MOMINLP) model looks as follows:
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xijt rcij for all i, j and t ð18Þ

yjt ¼ 0 or 1 for all j and t, xijt Z0 for all i, j and t ð19Þ

2.2. MOMINLP model with backorder

In the previous model, we assumed that shortage is not allowed.
In the second model, we examine a situation in which shortage will
not immediately result in a lost sale, but shortage and backordering
are allowed. However, the backorder not only takes customer
service time to answer the inquiry, there are also costs involved in,
for instance, shipping the product once it arrives at the distribution
center and there are usually intangible costs. These shortage-
related costs apply per unit of product i per period as bi. As it is
beyond the scope of this paper to measure the backordering costs,
we refer interested readers to Liberopoulos et al. (2010), Anderson
et al. (2006) and Centikaya and Parlar (1998), among others.

The resulting model in this situation is
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With regard to the complexity of the ranger of capacitated lot-
sizing problems presented by Bitran and Yanasse (1982) and
Florian et al. (1980), the models presented here are also NP-hard.

In addition, we are dealing here with a multi-objective type of
the problem that contains two non-linear functions. Due to the
complexity of models, we use the NSGA-II algorithm (Deb et al.,
2000), with some innovations dealing with hard constraints.
xIJT xIJT-1  xijt  x112 x111

yJT yJT-1  yjt  y12 y11

Fig. 1. Each chromosome consists of two integers and 0/1 vectors.
3. Genetic algorithm

Since, in multi-objective problems, the objectives are usually
conflicting, the first goal in solving a multi-objective problem is
finding Pareto-optimal solutions. A Pareto-optimal solution is a
solution that is not improved but is only possible by sacrificing one
objective to maximize another. The second goal is finding a set of
Pareto solutions as diverse as possible in an objective space. These
two goals are orthogonal to each other, while there are some
algorithms that satisfy only one of them (Deb, 2001). Because
classic search and optimization methods use a point-by-point
approach, they obtain a single optimal solution, but because in
the Evolutionary Algorithms (EAs) a population of solutions is
applied in each iteration, EAs are more suitable when it comes to
achieving both objectives of MOO problems (optimality and
diversity).

Genetic Algorithms (GAs) are among the most robust probabil-
istic search techniques with regard to large, complex, non-convex,
discrete search space or ill-behaved objective functions (Deb, 2001;
Goldberg, 1989). They are among the population-based heuristic
search algorithms that start with an initial set of (so-called
individual or offspring) solutions which are then evolved toward
better solutions via certain genetic operators. In the last two
decades, many modifications and optimizations have been devel-
oped regarding the convergence rate and quality of final solutions
of GAs (cf. Michalewicz, 1994; Goldberg, 1989). Most of these
variations refer to MOO problems (Augusto et al., 2006; Zitzler
et al., 2001; Srinivas and Deb, 1994) and focus on the goals of MOO,
resulting in a number of powerful MOO algorithms, such as NSGA-II
and SPEA2, which are evolved versions of NSGA and SPEA,
respectively (for more information on this subject, see Deb, 2001).

To solve both models presented in this paper, we use NSGA-II, a
robust MOO genetic algorithm, which has proposed by Deb et al.
(2000). The algorithm uses a fixed-sized population and divides
that population into various subpopulations that are different on
the preferred levels. It should be said that solution q is dominated
by solution p if and only if p is better than q with regard to all the
objectives, or p is better than q with regard to at least one objective
and not worse than q with regard to other objectives. This is called
the non-dominated principle. Each solution in the ith subpopula-
tion denoted by Fi is dominated by at least one solution in the high
level subpopulations like Fj where jo i. NSGA-II uses a globally
elitist strategy and tries to satisfy the second goal of MOEAs
simultaneously via convergence to Pareto-optimal solutions.
The NSGA-II procedure is outlined as follows (Deb, 2001):

3.1. NSGA-II algorithm

Step 0: Set t¼0. Create initial population and call it Pt. Use
selection operator and genetic operators and generate offspring
population, Qt.

Step 1: Set Rt¼Pt[Qt. Perform a non-dominated sorting to Rt and
identify different fronts: Fi, i¼1, 2,y, etc.

Step 2: Set new population Pt + 1¼| and i¼1.
Until 9Pt +19+9Fi9oN perform Pt +1¼Pt + 1[Fi and i¼ i+1.
Step 3: For remaining capacity in Pt + 1, perform the crowding

operators and fill it by some of the best solutions in Fi.
Step 4: Generate offspring population Qt +1 from Pt +1 by using

selection and genetic operators.
N is the size of the (parent and offspring) populations. In the

following section, we describe our GA operators and other aspects
to solve the models presented earlier. Also, to increase the power of
the algorithm to satisfy the models constraint, we propose a new
operator called refiner operator.

3.2. Encoding

The encoding process establishes the way the solutions are
represented in chromosomes. We take each chromosome as a
model solution, where I, J and T are the number of products,
suppliers and periods, respectively, and each chromosome is an
integer vector X by length I� J� T and a binary vector Y by length
J� T, appropriate by each xijt and yjt (see Fig. 1).

3.3. Initialize of population

Since, in the complex space, especially in MOO problems, there is
no information about the location of optimal regions in a search
landscape, in order to create initial chromosomes, the most universal
method is to randomly generate solutions for the whole population in
a uniform way. We use a random binary generator for Y, and a random
integer generator for X with respect to the bounding conditions for all
xijt (constraints 18 and 26). Also, we maintain this satisfaction in the
GA process (after crossover and mutation operators).

3.4. Selection strategy

In this paragraph, we explain three elements of GA in this paper:
fitness function, selection operator and model constraint satisfaction.

In each model, there are three objectives. The first model has
four constraints (14–17), while the second has three (23–25)
(please note that we have not counted the boundary and binary
constraints here). We use constraints and objective functions to
evaluate the fitness of each chromosome. Some approaches have
been suggested to satisfy the constraints of MOO problems,
including ignoring infeasible chromosomes, penalty function, JVGS,
constrained tournament, etc. (Deb, 2001; Homaifar et al., 1994;
Michalewicz and Schoenauer, 1996; Jimenez et al., 1999). We use
the constrained tournament method because of its ability to satisfy
constraints and carry out selection based on fitness at the same
time (unlike other approaches, like roulette wheel and propor-
tionate selection). Indeed, the constrained tournament selection
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operator combines domination principle and constraint
satisfaction.

This operator first selects two (or more) chromosomes from a
population and then selects a winner in a tournament with the
following rules:
�
 A feasible solution is better than an infeasible solution.

�
 Between two feasible solutions (or two infeasible solutions), the

standard domination identifies the winner.

In the second rule, the constrained tournament selection operator
first attends to objective functions (first goal of MOO) and then to the
diversity of the population (second goal of MOO). Several approaches
have been suggested to achieve diversity, like niche metrics, crowding
models, sharing functions, etc. (Deb, 2001). In this paper, we use
crowding distance based on average distance of solution in
objective space.

Since constraints 16 and 25 in the models are hard constraints

(constraints that need to satisfy an equation), we use a new, simple
and flexible method to satisfy them. Our strategy for dealing with
these constraints in the models is that we consider a specific
percentage of the chromosomes population with low constraints
violation (only with regards to constraints 16 and 25) feasible
solutions for these constraints (though not for all constraints). This
flexibility allows the solutions of the first generations of algorithm to
be alive in the population. The level of flexibility is identified with
regard to the generation number. In other words, it is reduced while
the generation number is increased and after some generations it is
set to the zero level and leads to the true feasible solutions. If sol is a
solution in population and we want to assign a value to its violation
constraints in generation number gn (which is done for all types of
hard constraints), we begin by computing the amount of violation of
sol, we have to satisfy gi(sol)¼bi, after which VCi(sol)¼9gi(sol)�bi9,
and we use the following relationship:

HCiðsolÞ ¼
0 if gno fn and VCiðsolÞoae1=gn

VCiðsolÞ otherwise

(
ð28Þ

where HCi(sol) is the value of the violation constraint in hard
constraint, fn the maximum number of flexible generations (flexible
level) and a a sufficient coefficient. After computing the HCi (it is
equal to VCi after the gnth generation), the constrained tournament
operator uses this instead of VCi.

fn and a are identified with regard to the termination condition
(maximum number of generations) and the average VCi population.
3.5. Genetic operators

Genetic operators (reproduction operators) are used to generate
new offspring and develop the next population from the current
population. Generally speaking, there are two types of genetic
operators: crossover and mutation operators.

Crossover operator: Crossover operators combine information from
two (or more) parents (solutions of the current population) in such a
way that the two (or more) children (solutions for the next popula-
tion) resemble each parent. There are several available methods to do
so (Deb, 2001; Michalewicz, 1994). Since, in this study, each
chromosome contains two vectors, integer (X) and binary (Y), we
use a single point linear crossover to generate an integer vector, and a
single point multiple replacement to generate a binary vector. The
following pseudo-code describes the crossover operation:

l¼ random real value between 0 and Maxl

cpx¼ a random integer number between 0 and I � J � T
for all i, j, t do following operation:

C1ðxijtÞ ¼ lP1ðxijtÞþð1�lÞP2ðxijtÞ if i� j� tocpx

C2ðxijtÞ ¼ lP2ðxijtÞþð1�lÞP1ðxijtÞ otherwise

8><
>:

cpy¼ a random integer number between 0 and J � T

for all j, t do following operation:

C1ðyjtÞ ¼ P1ðyjtÞ if j� tocpy

C1ðyjtÞ ¼ P2ðyjtÞ otherwise

C2ðyjtÞ ¼ P2ðyjtÞ if j� tocpy

C2ðyjtÞ ¼ P1ðyjtÞ otherwise

8>>>>>><
>>>>>>:

where P1 and P2 are two selected parents and where C1 and C2 are two
children. After conducting the linear crossover, we first round the
result (because X is an integer vector) and check its lower and upper
bounds (constraints 16 and 25); this type of violation takes place for a
Maxl with a value greater than one.

Mutation operator: Mutation operators alter or mutate one
chromosome by changing one or more variables in some way or
by some random amount to form one offspring. Here, we use a
linear mutation by probability 1/I� J� T for mutating X vector and
bit-wise mutation by probability 1/J� T for Y vector. For mutating
X, we first select a random cell xijt and then, with regard to the upper
and lower bounds, select a new integer at random for X and for Y

and replace its value by 1 if it is 0 and vice versa.

3.6. Refiner operator

Despite the objectives space in the models presented in this paper,
which is a three-dimension space, the search space is a very big space
with (IJT+JT) dimensions. With regard to the upper-bound integer
decision variable of the problem (see Eqs. (16) and (25)) and the binary
variables of the models, it can be said that the number of solutions in

the search space is 2JT QI
i ¼ 1

QJ
j ¼ 1

QT
t ¼ 1 cjt , while taking the con-

straints of the models into account, only a few number of them are
feasible. In both models, there are two or three soft constraints and one
hard constraint. Our initial approach to satisfying these constraints is
via the flexibility violation level presented in Eq. (28). Here, we propose
a new operator called refiner operator, which after generating a solution
tries to guide that solution towards the feasible region, with the

operator computing s¼ ð
PT

k ¼ 1 djtÞyjt�xijt for a fixed value i, j and t. If

so0, the operator reduces the value of xijt, especially if yit¼0 it sets xijt

to zero for all i, too. On the other hand, if sZ0, the constraint (15 or 23)
is satisfied but, usually, satisfying the other two constraints is difficult
because they usually contradict each other. So, the refiner operator
increases the value of xijt.

Furthermore, to satisfy the hard constraint, the operator com-

putes s¼
PT

t ¼ 1

P
jxijt�

P
jð1�sij0egijT ÞxijT�

PT
t ¼ 1 dit for a fixed

value i. If so0, the operator increases the value of some xijt for
0otoT. Otherwise, if s40, the value of xijt, which is selected
randomly for some t where 0otoT, is increased. In all cases, the
increases or reductions have a random value in [0, ABS(s)].

3.7. Termination condition

The selection, crossover, mutation and refiner operators are
repeated until a termination condition has been reached. In the
single objective GA, there are several conditions for terminating the
GA process, for instance when a solution is found that satisfies
the minimum criteria, when a fixed number of generations has been
reaching, when the allocated budget (computation time/money) is
reached, etc. In MOO problems, because of the specific objectives
(obtaining a set of diverse Pareto-optimal solutions) only some of
these criteria, for instance the maximum number of generations, can
be used. However, identifying an exact and efficient number of
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iterations is a difficult and empirical task, it can be determined with
regard to the size of population, complexity of search space and
number of final non-dominated solutions. In the simulation presented
in this paper, we use a population size of 100, 20 final non-dominated
solutions and a maximum of 500 iterations.
Table 4
Objective functions values of non-dominated solutions (model 1).

Solution no. z1 z2 z3

Sol.1 3116 505 5804.954 6107.61

Sol.2 3228 229 5847.146 6113.339
Sol.3 3190 892 5825.799 6117.82

Sol.4 3235 358 5777.225 6120.463
4. Numerical examples

In this section, we apply the GA discussed earlier to solve two
examples to illustrate the proposed models and compare the
results. The data used in these examples consists of three products,
five suppliers and four periods, resulting in 60 decision-making
variables xijt. The results indicate which products to order in which
quantities from which suppliers in which periods (see Tables 1–3).

4.1. Results (model 1)

In this paragraph, we discuss the results obtained from model 1.
As mentioned before, the designed genetic algorithm provides us
Table 1
Demand for three products in four periods.

Product (i) Period (t)

1 2 3 4

dit 1 454 540 675 755

2 327 320 290 285

3 645 650 637 663

Table 2
Holding costs, backordering costs and occupied space of each product.

Product (i) hi bi wi

1 12 17 0.75

2 35 38 0.85

3 7 10 0.60

Table 3
Other data related to products and/or suppliers.

Product (i) Supplier (j)

1 2 3 4 5

pij 1 66 73 62 60 71

2 121 134 127 142 122

3 28 26 29 25 23

fij0 1 0.95 0.98 0.92 0.96 0.99

2 0.89 0.92 0.95 0.90 0.91

3 0.93 0.87 0.88 0.83 0.87

sij0 1 0.95 0.97 0.94 0.99 0.98

2 0.92 0.99 0.91 0.99 0.92

3 0.99 0.98 0.99 0.97 0.99

cij 1 550 480 420 890 790

2 570 85 450 235 525

3 825 430 850 390 720

lij 1 0.001 �0.002 0.0015 �0.001 �0.001

2 0.00 0.0015 �0.001 0.002 0.002

3 �0.001 0.002 0.0015 0.0015 0.0012

gij 1 0.0013 0.0011 �0.001 0.001 �0.0011

2 0.00 0.0014 0.002 0.0015 0.002

3 �0.0011 0.0016 �0.001 �0.002 0.0011

bj 0.08 0.1 0.09 0.12 0.09

oj 45 000 64 500 37 250 53 400 42 250

vj 85 150 85 100 150

gj 33 500 55 200 33 500 38 400 55 200

W¼150
with a set of 20 non-dominated solutions. In Table 4, we find the
value of objectives functions z1, z2 and z3 for this set of solutions,
while Table 5 illustrates only three members of this set (Sol.15
indicates the value of the decision-making variables of a non-
dominated solution with the lowest value of z1, Sol.2 shows
the value of decision-making variables of a non-dominated solu-
tion with the highest value of z2 and Sol.4 exhibits the value of
decision-making variables of a non-dominated solution with the
highest value of z3).

Figs. 2–4 show the objective trade-off between total costs and
total quality level, total costs and total service level and total
Sol.5 3192 673 5770.626 6119.889

Sol.6 3018 613 5786.745 6076.588

Sol.7 3029 292 5786.011 6078.704

Sol.8 3062 160 5784.508 6079.36

Sol.9 3076 930 5785.23 6079.48

Sol.10 3017 829 5785.734 6077.947

Sol.11 3171 162 5767.763 6119.976

Sol.12 3098 473 5767.924 6118.047

Sol.13 3169 479 5767.074 6118.72

Sol.14 3087 668 5808.264 6102.401

Sol.15 3013 904 5786.101 6076.555
Sol.16 3077 198 5786.569 6078.527

Sol.17 3077 453 5785.612 6078.839

Sol.18 3050 891 5787.11 6077.786

Sol.19 3084 527 5787.152 6077.787

Sol.20 3085 014 5787.635 6077.745

Table 5
Decision-making variables value of three non-dominated solutions (model 1).

xijt Sol.2 Sol.4 Sol.15 xijt Sol.2 Sol.4 Sol.15

x111 158 105 0 x233 51 0 133

x112 29 266 115 x234 139 26 0

x113 122 229 197 x241 134 135 0

x114 80 355 215 x242 83 93 0

x121 135 8 216 x243 0 19 29

x122 14 73 0 x244 38 68 50

x123 192 103 0 x251 19 168 80

x124 220 112 111 x252 95 5 182

x131 99 0 270 x253 199 188 81

x132 40 0 187 x254 59 71 24

x133 19 0 142 x311 491 126 573

x134 59 1 180 x312 570 45 164

x141 84 186 0 x313 105 256 36

x142 140 293 21 x314 17 229 0

x143 4 52 0 x321 0 11 95

x144 174 234 163 x322 4 17 0

x151 117 170 41 x323 25 146 0

x152 192 14 230 x324 154 22 240

x153 377 216 357 x331 236 0 0

x154 188 28 4 x332 52 240 196

x211 89 116 255 x333 0 37 107

x212 174 33 0 x334 211 58 131

x213 0 36 0 x341 25 377 0

x214 0 117 121 x342 0 31 99

x221 7 0 0 x343 153 12 85

x222 45 62 0 x344 132 165 203

x223 0 19 0 x351 0 211 68

x224 4 0 74 x352 0 279 186

x231 100 0 30 x353 304 299 431

x232 2 83 175 x354 136 54 3



Fig. 2. Trade-off between total cost and total quality level objectives (model 1).

Fig. 4. Trade-off between total service level and total quality level objectives

(model 1).

Fig. 3. Trade-off between total costs and total service level objectives (model 1).

Table 7
Decision-making variables value of three non-dominated solutions (model 2).

xijt Sol.1 Sol.9 Sol.19 xijt Sol.1 Sol.9 Sol.19

x111 281 225 0 x233 0 167 241

x112 0 0 2 x234 0 0 194

x113 29 241 0 x241 0 0 0

x114 550 380 550 x242 0 0 0

x121 0 0 0 x243 0 0 0

x122 0 0 0 x244 234 0 0

x123 0 0 0 x251 0 0 0

x124 0 386 0 x252 0 0 175

x131 0 0 0 x253 157 381 0

x132 0 0 0 x254 0 142 109

x133 0 0 0 x311 95 0 179

x134 0 307 420 x312 0 331 114

x141 0 0 0 x313 580 0 346

x142 238 27 0 x314 637 578 63

x143 890 773 0 x321 0 0 0

x144 362 0 0 x322 0 0 0

x151 0 0 0 x323 0 0 245

x152 101 117 0 x324 0 409 36

x153 0 0 767 x331 0 0 36

x154 0 15 755 x332 292 0 0

x211 0 0 527 x333 0 0 575

x212 0 3 0 x334 0 30 207

x213 536 309 0 x341 0 0 49

x214 0 246 0 x342 0 0 0

x221 0 0 0 x343 0 44 242

x222 0 0 0 x344 24 185 0

x223 0 0 0 x351 1 0 0

x224 0 4 0 x352 294 393 0

x231 0 0 0 x353 691 0 397

x232 296 0 0 x354 0 659 120

Table 6
Objective functions value of non-dominated solutions (model 2).

Solution no. z1 z2 z3

Sol.1 2738 338 5818.396 6125.276
Sol.2 2868 883 5872.331 6124.838

Sol.3 2784 008 5871.821 6124.622

Sol.4 2839 396 5872.181 6124.805

Sol.5 2929 908 5822.452 6133.526

Sol.6 2821 482 5872.301 6124.777

Sol.7 2901 355 5822.052 6133.544

Sol.8 2902 476 5872.601 6124.913

Sol.9 2998 805 5837.062 6143.507
Sol.10 2954 220 5835.483 6139.547

Sol.11 2937 151 5822.822 6133.396

Sol.12 2954 333 5835.635 6139.995

Sol.13 2954 209 5835.469 6139.506

Sol.14 2937 334 5873.001 6125.09

Sol.15 2987 624 5849.582 6136.774

Sol.16 2955 503 5844.621 6140.448

Sol.17 2954 323 5835.621 6139.955

Sol.18 2973 617 5826.92 6141.903

Sol.19 2998 166 5873.361 6123.928
Sol.20 2938 177 5828.932 6133.809
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service level and total quality level, respectively. The figures
indicate that a real trade-off exists between the total costs and
total quality level (Fig. 2) and between the total cost and total
service level (Fig. 3), as the lower values of total costs correspond to
lower values of the total quality and service levels, and vice versa.
For example, consider Sol.15, which is the best solution among
20 non-dominated solutions in terms of z1, while at the same time
being the solution with the lowest value in terms of total service
level. In fact, the buyer should sacrifice total costs in favor of the
other two objectives, and vice versa. This is also the case for total
quality level and total service level (Fig. 4), as the higher values of
total quality level corresponds to the lower values of total service
level, and vice versa.
4.2. Results (model 2)

In this paragraph, we discuss the results of model 2. Table 6 shows
the objective functions value of a set of 20 non-dominated solutions
and Table 7 displays three Pareto-optimal solutions. Although
selecting a solution from the set of Pareto-optimal solutions depends
on decision-maker’s point of view, we select three solutions, for
instance, in favor of each objective function, i.e. a solution with the
lowest value of z1 (Sol.1), a solution with the highest value of z2

(Sol.19) and a solution with the highest value of z3 (Sol.9).
Figs. 5–7 show the objective trade-off between total costs and

total quality level, total costs and total service level and total



Fig. 5. Trade-off between total cost and total quality level objectives (model 2).

Fig. 6. Trade-off between total cost and total service level objectives (model 2).

Fig. 7. Trade-off between total service level and total quality level objectives (model

2).

Fig. 10. Total service level; before and after considering the new formulation of

ordering costs (model 1).

Fig. 9. Total quality level; before and after considering the new formulation of

ordering costs (model 1).

Fig. 8. Total costs; before and after considering the new formulation of ordering

costs (model 1).
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service level and total quality level, respectively. For this model, the
trade-off between total costs and total service level and between
total quality level and total service level is higher than the trade-off
between total costs and total quality level.
4.3. Results comparison

In model 2, where backordering is allowed, the buyer can
improve all three objectives, which means that the total costs of
all non-dominated solutions of model 2 are lower than that of all
non-dominated solutions of model 1. The highest total quality level
in model 2 (5873.361, Sol.19) is higher than the highest total
quality level in model 1 (5847.146, Sol.2), while the lowest
total quality in model 2 (5818.396, Sol.1) is higher than the lowest
total quality in model 1 (5767.074, Sol.13), and the total service
level of all non-dominated solutions of model 2 are higher than that
of all non-dominated solutions of model 1. In light of the fact
that the backordering costs of all the products are higher than their
holding costs, the superiority of model 2 has to do with the fact that
the buyer has the option to buy more products in periods when
prices are lower and/or the quality or service levels are higher.
Although the same applies in model 1, there buyers cannot benefit
from this opportunity in inverse direction as is possible in model 2.
In other words, customers do not wait until prices are lower and/or
quality improves. We also solved the problem with several
different values for bi and found that, as long as the backordering
costs of all products are higher than their corresponding holding
cost, model 2 shows a better performance with regard to objective
functions. However, the superiority of model 2 is not maintained
when the backordering costs of some or all products are lower than
their corresponding holding costs.



Fig. 11. Total costs; before and after considering the new formulation of ordering

costs (model 2).

Fig. 12. Total quality level; before and after considering the new formulation of

ordering costs (model 2).

Fig. 13. Total service level; before and after considering the new formulation of

ordering costs (model 2).
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Here, we also look at the effect of the new formulation of
ordering cost on the results compared to the traditional formula-
tion. The second term of the first objective function (z1) of both
models is

P
j

P
toje

�bj

Pt

k ¼ 1
yjk yjt . As mentioned before, this formu-

lation establishes an exponential relationship between order
frequency (

Pt
k ¼ 1 yjk) and ordering cost.bj determines the intensity

of this relationship, such that the higher value of bj the greater the
reduction in ordering costs. If bj¼0, the traditional formulationP

j

P
tojyjtis obtained. For comparison purposes, we set all bj to zero

and compare two scenarios for both models.
Figs. 8–10 show this comparison for model 1. Note that we first

sort the non-dominated solution in ascending order.
Figs. 11–13 show the comparison results in total costs, total

quality level and total service level for 20 non-dominated solutions
for model 2. Note that here we also begin by sorting these solutions
in ascending order.
The results indicate that this change improves the value of the
first objective function (total costs) of all non-dominated solutions
in both models. However, this is not in support of the two other
objective functions. Solving the models with several different data
leads to the same conclusion. Because the new formulation
mentioned earlier is part of the total cost function, it is wise not
to see superiority or inferiority in the other two objective functions.
5. Conclusion and future work

Lot-sizing and supplier selection are two important decisions any
buyer has to make. However, due to the inherent interdependency
between these two decisions, the buyer cannot optimize them
separately. To combine the two, the buyer needs to consider
the main objectives with regard to supplier selection, such as
cost minimization, and quality and service level maximization
(Ghodsypour and O’Brien, 1998, 2001), and with regard to lot-sizing,
things like as inventory costs minimization. To that end, in this
paper, we have formulated two multi-objective optimization models
based on two scenarios where shortage plays a role. The first model
is geared towards situations where customers are not in the habit of
wanting to wait and the buyer does not want to be faced with lost
sales, while the second model is geared towards situations where
customers accept late delivery. The results indicate that, if the
customer agrees to late delivery (backordering) the minimum level
of buyer’s inventory costs is less than if the buyer has to meet all
demands at the requested time.

In formulating the ordering costs and looking at the effect of
order frequency on ordering costs, we have applied a new approach
that creates a long term relationship between buyer and supplier.
This does not mean that the buyer reduces the size of the orders
he places with the suppliers to increase the order frequency and
thereby reduce ordering costs. Instead, the buyer places orders
with a limited number of suppliers more frequently, rather than
dispersing the orders among a large number of suppliers.

In methodological terms, this paper introduces a novel, easy and
flexible operator (the refiner operator) in the applied genetic
algorithm dealing with the ‘hard constraints’ of the models.
This operator not only speeds up the algorithm to find the feasible
solutions but also improves the convergence of the solutions to the
Pareto-regions while preserving population density.

This paper suggests a number of avenues for future research.
In this paper, the supplier’s service level and quality level are
treated as time-dependent functions. Although this makes the
model closer to real-world problems, as far as future research is
concerned, we suggest examining the effects of other attributes of
buyer–supplier relationships on supplier quality and service level,
for instance information sharing, supply risk, power balance and
joint investment in quality improvement. In addition, we suggest
investigating problems associated with lost sales and the combina-
tion of lost sales and backordering conditions.

In this paper, the prices proposed by suppliers are assumed to be
independent of the size of orders being placed. However, in some
cases, suppliers are prone to give size-dependent discounts, which
means that it may be interesting to investigate the problems
discussed in this paper taking discounts into account, while at the
same time taking a look at the relationship between price levels and
customer demand.
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