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SUPPLIERS SELECTION PROBLEM WITH QUANTITY DISCOUNTS
AND PRICE CHANGES: A HEURISTIC APPROACH

Filipe Rodrigues1,∗ and Cristina Requejo1

Abstract. This paper addresses a complex suppliers selection problem with multiple products, con-
sidering minimum package quantities, minimum order values related to delivery costs and discounted
pricing schemes. Its main contribution is to present an integer linear programming (ILP) model for this
suppliers selection problem as well as a model to analyse the impact of prices change. Furthermore,
a hybrid heuristic and a genetic algorithm to obtain feasible solutions for this problem are presented.
Several randomly generated examples are solved by using the above two models and the heuristic ap-
proaches. Experimental results demonstrate the robustness of the genetic algorithm and allow to realize
which are the most important decisions in the suppliers selection problem.
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1. Introduction

The Suppliers Selection (SS) problem in Supply Chain Management represents one of the most critical tasks
to be performed by the purchasing department of a business organization. The effective suppliers evaluation and
purchasing processes are of vital importance as the business organizations are becoming increasingly dependent
on their suppliers. With the market globalization, the number of potential suppliers and features to consider
when selecting suppliers increases, thus the selection process becomes a more arduous task. The suppliers
selection problem with multiple products is much more complex than the single product problem. For this
reason, the majority of the published studies about this issue are very recent.

Since the products price, the delivery date and the quality of products and services are the most commonly
used criteria in SS, a common approach to the SS problem, with multiple products, is a multi-objective approach.
In [1,19,24,29,30] multi-objective (mixed integer) programming approaches are proposed, frequently integrated
with other approaches.

Several approaches to the SS problem include, among others, the Analytic Hierarchy Process (AHP) [27], the
use of fuzzy concepts [11,16,18,23,29], including the Fuzzy TOPSIS method [12,13] and the use of genetic algo-
rithms [2,10,14,17,28]. Together with these approaches several authors consider stochastic demands [12,28,30].
The SS problem under prices change has also received some attention over the last years. The most common
approaches followed to deal with these kind of problems are based on the use of stochastic optimization [7, 20]
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however other approaches based on game theory [9] and fuzzy theory [22] can be found in the literature.
Furthermore, suppliers capacity constraints, quantity discounts (frequently with cost level conditions), delivery
costs and budget constraints are conditions generally considered. In [5, 19] lot-sizing and stock constraints are
considered. A literature review of approaches for the SS problem is given in [8, 25].

In this paper a Suppliers Selection (SS) problem with multiple products, minimum order values (MOV) related
with delivery costs, minimum package quantities (MPQ) and discounted pricing schemes are considered. The
motivation for our study is a suppliers selection problem arising at an electronic equipment assembly company.
Here the problem is modeled as a single objective optimization problem assuming costs as the most important
criteria. Since we are dealing with small electronic components which can be compared with perishable products
whose lifetime is very limited, stocking policies are not desirable. For this reason, lot sizing and stock constraints
are not applied here. However, mainly due to fluctuations of the currency exchange rates, there may be a change
in the prices during the time gap between the suppliers selection and the actual purchase of products. Thus,
the impact of prices change is analysed through the use of stochastic optimization.

From the supply chain management point of view, we consider a multi-product problem where several ware-
houses supply one plant. It is assumed that there is at least one supplier for each product and not all suppliers
can supply all products.

Product package quantities are established by each supplier for every product defining minimum package
quantities (MPQ) which is the supplier-predefined minimum number of product packets that can be ordered.
Only supplier-predefined product packet quantities can be ordered.

Delivery costs are payable by the buyer only in certain conditions when the buyer order value does not reach
a predefined minimum order value (MOV). In this case, if the total purchasing cost of the order to a supplier is
less than its MOV, then the delivery cost has to be paid by the buyer. The delivery cost is assumed to be fixed
and not depending on the order value.

For each product, each supplier defines a set of product quantity levels dealing with pricing schemes. Each
level is associated with a cost according to some discount facility, in such a way that discounts are applied when
certain product order quantities (a level) are attained.

The paper has the following contributions.

(i) It presents an integer linear programming (ILP) model to this complex SS problem with multiple products
where minimum order values (MOV) related with delivery costs, minimum package quantities (MPQ) and
discounted pricing schemes are taken into account.

(ii) It introduces a model to analyse the impact of prices change in this SS problem.
(iii) It develops a hybrid heuristic to obtain feasible solutions in a short time as well as a robust genetic algorithm

for which several different strategies are tested.

The remainder of the paper is organized as follows. In Section 2 we present an ILP model to the problem and
in Section 3 a model to analyse the impact of prices change. In Section 4 a hybrid heuristic is presented. In
Section 5 a genetic algorithm is described. In Section 6 some numerical examples are presented and the obtained
computational results are discussed. Conclusions are drawn in Section 7.

2. Mathematical model

In this section we present an ILP model to the SS problem with multiple products, minimum order values
related with delivery costs, discounted pricing schemes and minimum package quantities. This model is presented
in [3] and has some similarities to the multi-objective model proposed in [24]. However, we impose conditions on
the MPQ and on the MOV related to delivery costs which are not considered in [24]. Furthermore, the model
described herein has a single objective function minimizing the total purchasing cost.

Consider the set S = {1, . . . ,m} of m suppliers and the set P = {1, . . . , r} of r products. For each product
p ∈ P there is a demand quantity Qp. Define the set Sp of the suppliers s ∈ S where product p ∈ P is available,
and for each supplier s ∈ S define the set Ps of available products. Let packsp be the minimum package quantity
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(MPQ) of product p from supplier s for p ∈ Ps. To define discounted pricing schemes, for all s ∈ S and all p ∈ P ,
consider the set Nsp = {1, . . . , λsp} of cost level conditions. To each cost level condition n ∈ Nsp corresponds a
product quantity level qspn and a product unit cost cspn associated to a discount facility offered by supplier s
to product p when the ordered quantity ranges from the product quantity level qspn up to the product quantity
level qsp(n+1) of the next cost level condition (infinity, in case of last cost level condition i.e. when n = λsp then
qsp(n+1) =∞). The λsp represents the last cost level condition and is the total number of cost level conditions
that supplier s offers to product p. Thus the total number of supply conditions is SC =

∑
s∈S, p∈Ps

λsp and
this number corresponds to the overall total number of possible prices choices. Let movs be the minimum order
value (MOV) of supplier s ∈ S related to its delivery cost ds.

Define the following variables:

xspn : integer variables indicating the number of packages of product p ordered to supplier s with cost level
condition n, for all s ∈ S, p ∈ Ps, n ∈ Nsp;

wspn : integer variables indicating the number of units of product p ordered to supplier s with cost level condition
n, for all s ∈ S, p ∈ Ps, n ∈ Nsp; notice that wspn = xspn × packsp;

yspn : binary variables with value 1 if cost level condition n associated with product p and supplier s is used
and value 0 otherwise, for all s ∈ S, p ∈ Ps, n ∈ Nsp;

zs : binary variables with value 1 if supplier s is used and value 0 otherwise, for all s ∈ S;
ts : binary variables with value 1 if the delivery cost associated to supplier s is supported by the buyer and 0

otherwise, for all s ∈ S.
Considering these parameters and variables, the ILP model for the SS problem is as follows:

min
∑

s∈S, p∈Ps, n∈Nsp

cspn × wspn +
∑
s∈S

ds × ts (2.1)

s.t.
∑

s∈Sp, n∈Nsp

wspn ≥ Qp, p ∈ P (2.2)

∑
s∈Sp, n∈Nsp

yspn = 1, p ∈ P (2.3)

∑
p∈Ps, n∈Nsp

(cspn × wspn) +movs × ts ≥ movs × zs, s ∈ S (2.4)

∑
p∈Ps, n∈Nsp

yspn ≥ zs, s ∈ S (2.5)

∑
p∈Ps, n∈Nsp

yspn ≤ SC × zs, s ∈ S (2.6)

wspn ≥ qspn × yspn, s ∈ Sp, p ∈ P, n ∈ Nsp (2.7)

yspn ≤ xspn, s ∈ Sp, p ∈ P, n ∈ Nsp (2.8)

M × yspn ≥ xspn, s ∈ Sp, p ∈ P, n ∈ Nsp (2.9)

wspn = packsp × xspn, s ∈ Sp, p ∈ P, n ∈ Nsp (2.10)

wspn, xspn ∈ N, s ∈ Sp, p ∈ P, n ∈ Nsp (2.11)

yspn, zs, ts ∈ {0, 1}, s ∈ Sp, p ∈ P, n ∈ Nsp (2.12)
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With the objective function (2.1) the overall costs are minimized, including the total products cost and any
delivery costs associated to the suppliers.

Constraints (2.2) aim to satisfy all the products demand. Constraints (2.3) guarantee that each product is
supplied by only one supplier and use only one cost level condition. Constraints (2.4) relate the delivery costs
with the MOV. The value

∑
p∈Ps,n∈Nsp

(cspn × wspn) is the total order value for supplier s ∈ S. If, for a selected
supplier s, it holds zs = 1, then we have the following: when delivery costs have to be paid by the buyer, ts = 1,
constraints (2.4) are redundant, and no constraints exists for the corresponding order value; when there are
no delivery costs, ts = 0, the corresponding order value (if it exists) must be greater or equal than its MOV.
Constraints (2.5) guarantee that if no cost level condition from a supplier is used, then this supplier is not in the
solution. Constraints (2.6) establish that if a cost level condition from a supplier is used, then the corresponding
supplier must also be used. Constraints (2.7) guarantee that when a product is supplied by a supplier using
some cost level condition, the order quantity should be superior to the minimum order quantity of that product
necessary to qualify it for the conditions established by the corresponding cost level condition. Constraints (2.8)
guarantee that when the ordered number of packages of a product from a supplier for a certain cost level
condition is zero, then the corresponding cost level condition is not used; when the corresponding cost level
condition is used, then the ordered number of packages is non null. On the other hand, constraints (2.9) establish
that when the ordered number of packages of a product from a supplier for a certain cost level condition is
non null, then the corresponding cost level condition is used; when the corresponding cost level condition is not
used, then the ordered number of packages is null. The value M used in these constraints can be the maximum

number of packages that can be ordered. We use M = max{d
max{Qp, movs

cspn
,qspn}

packsp
e, s ∈ S, p ∈ Ps, n ∈ Nsp}.

Constraints (2.10) relate variables wspn with variables xspn. As most of the products are provided in packets,
the quantity order of each product should be multiple of the packet size. Variables wspn could be eliminated
from the model, however for simplicity of model description and writing we use both variables wspn and xspn.
Finally, constrains (2.11) and (2.12) are the constraints on the variables values. The first set of constrains is for
the integer variables and the second is for the binary variables.

The number of constraints and variables in the model can be expressed according to the number SC and the
cardinality of sets S and P . The model uses 2|P |+ 3|S|+ 4SC constraints and 2|S|+ 3SC variables.

3. Model to analyze the impact of prices change

Nominal prices used in the suppliers selection problem frequently change due to market changes or exchange
rate changes. As a result a proportional change of the products price occurs. Therefore the prices at the time of
the actual purchase of the products may be different from the ones considered at the time the suppliers selection
is done. These changes may have an impact on the overall suppliers selection process. In order to analyse the
impact of these prices change we develop a model that considers uncertainty in the prices values.

It was observed by the company that the most common prices change is such that all the prices either increase
or decrease. Therefore we make this assumption in our analysis and consider three possible prices change that
we will call scenarios: one in which the prices are unchanged, other in which all the prices increase in the same
proportion, and another one where all the prices decrease in the same proportion. The first scenario is the most
likely scenario when the time gap is short, the other two scenarios are equally likely scenarios.

Notice that when there is a proportional change of the products prices, the overall cost of the products of a
solution will change accordingly. However, since we consider delivery costs, and these costs are dependent on
the MOV, it means that the new cost value of the solution will be modified. Eventually some delivery costs
must be paid, when its MOV value was not attained. Eventually some other delivery costs are no longer paid,
when its MOV value was attained. Straightaway, to avoid paying these new delivery costs a better option could
be to increase the order value. Consequently, when the prices change of all the products is proportional, the
solution cost is not straightforward proportional to the prices change. Therefore it is important to realize that
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in the presence of delivery costs depending on the MOV, the optimal solution obtained with the nominal prices
may no longer be valid and the new optimal solution must be obtained.

To develop the model the three sets of variables xspn, wspn, and yspn (for all s ∈ S, p ∈ Ps, n ∈ Nsp,) are
adapted to accomplish with information about each scenario. Let K be the set of scenarios. Thus, for all s ∈ S,
p ∈ Ps, n ∈ Nsp and k ∈ K, consider the integer variables xspnk indicating the number of packages of product p
ordered to supplier s with cost level condition n when scenario k occurs; the integer variables wspnk indicating
the number of units of product p ordered to supplier s with cost level condition n when scenario k occurs; and
the binary variables yspnk with value 1 if cost level condition n associated with product p and supplier s is used
when scenario k occurs.

Let cspnk (for all s ∈ S, p ∈ Ps, n ∈ Nsp, k ∈ K) be the unit cost of product p from supplier s at cost level
condition n when scenario k occurs, and consider that vk is the probability associated to scenario k ∈ K. By
replacing in constraints (2.2)-(2.12) variables xspn, wspn, and yspn by the corresponding variables xspnk, wspnk,
and yspnk and cspn by cspnk, we obtain the following model that reflects the prices change:

min
∑

s∈S, p∈Ps, n∈Nsp, k∈K

vk × cspnk × wspnk +
∑
s∈S

ds × ts (3.1)

s.t. (2.2)− (2.12), k ∈ K. (3.2)

This model, named PC (Prices Change), induces a two-stage decision structure into the problem. In the
first stage, the set of the required suppliers composing the solution is constructed. In the second stage, prices
change are considered under some probability and all the suppliers conditions are consequently adapted to these
changes. In this second stage, all the remainder decisions, as the choice of the best supply conditions, are taken.
In Section 6 we present and analyze the obtained results by using this model and the ILP model. It was observed
that the most important decision corresponds to the decisions taken at the first stage. Thus the strategy used
to build the heuristics is based on these observations. In the heuristics the first decision is to select the suppliers
and after adapt all the remaining decisions of the overall suppliers selection process to that first decision.

4. Hybrid heuristic

The hybrid heuristic Short Price Selection (SPS) we propose is divided in two parts. In the first part an
initial feasible solution is constructed. In the second part two distinct strategies are used to improve the feasible
solution.

To obtain a feasible solution we use what we call the Initial Feasible Solution (IFS) algorithm. We start by
obtaining, for each cost level condition, the minimum quantity allowing the use of that cost level condition.
This quantity is the maximum value between the quantity that establishes the cost level condition and the
demand quantity of the product associated with this condition. Furthermore this quantity must be multiple of
the MPQ value and its cost is obtained by multiplying this value by its corresponding unit cost, corresponding
to the cost level condition in use. For each product choose the cost level condition with the minimum cost value
of the order. With the selected conditions we obtain a feasible solution and to obtain its cost we still need to
add, to the total purchase cost of the products, the delivery costs associated to suppliers for which its MOV
is not achieved. The IFS algorithm is specified below. To make the description easier, each cost level condition
is identified by its supplier s ∈ S, product p ∈ P and discount level n ∈ Nsp. Denote by jspn the cost level
condition associated with supplier s, product p and level n. Let rspn be the quantity of the product p ordered
to supplier s associated to level condition n. Define the set Sol of the selected cost level conditions and the set
Quant of the corresponding quantities of the ordered products associated with these cost level conditions. The
Sol and Quant sets define the current solution. Additionally denote by js∗pn∗ the cost level condition used in
a current solution for product p.
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Initial Feasible Solution (IFS) Algorithm:

Input: data (S, Ps, Nsp, Qp, qspn, packsp, cspn, movs, ds)
Initialize: Sol := {}; Quant := {}.

For all s ∈ S, p ∈ Ps, n ∈ Nsp do
aspn := max{Qp, qspn};
bspn := d aspn

packsp
e × packsp.

For all p ∈ P do
js∗pn∗ := arg min

s∈Sp, n∈Nsp

{bspn × cspn};

rjs∗pn∗ := bjs∗pn∗ ;
Sol := Sol ∪ {js∗pn∗};
Quant := Quant ∪ {rjs∗pn∗}.

Calculate CT := Cost(Sol,Quant).
Output: feasible solution (Sol, Quant, CT ) of the problem.

The procedure Cost, Cost(Sol,Quant), computes the cost of the solution identified by parameters Sol and
Quant, and corresponds to the value of the objective function defined by expression (2.1).

The first strategy to improve a feasible solution for the SS problem is to eliminate some delivery costs and is
described in the Delivery Costs Elimination (DCE) algorithm. The main idea is to increase the order quantity of
one of the products supplied by one supplier for which the order value does not reaches its MOV. The increased
amount should be sufficient so that the order value of the supplier reaches its MOV and avoids the delivery
cost. Taking into account that the increased order quantity needs to be multiple of the MPQ value it is possible
that for one supplier the new order value exceeds its MOV. Therefore the ordered quantity should be increased
for the product that reaches the MOV at the lowest cost.

Delivery Costs Elimination (DCE) Algorithm:

Input: data ((Sol, Quant, CT ), S, Ps, Nsp, Qp, qspn, packsp, cspn, movs, ds).
For all s ∈ S do

Vs :=
∑

p∈Ps, n∈Nsp, jspn∈Sol rjspn × cjspn ;
If 0 < Vs < movs, then
Vinc := movs − Vs;
If Vinc < ds then

min := +∞; qt := −1;
For all p ∈ Ps such that jspn ∈ Sol, for any n ∈ Nsp do

For all n ∈ Nsp do
If jspn ∈ Sol then

acr :=
⌈

Vinc
cspn

packsp

⌉
× packsp;

If Vs + acr × cspn < min then
min := Vs + acr × cspn;
jmin := jspn;
qt := rjs∗pn∗ + acr.

Otherwise (if jspn 6∈ Sol)
acr :=

⌈
Vinc+rjs∗pn∗×cjs∗pn∗

cspn×packsp

⌉
× packsp;

If Vs − rjs∗pn∗ × cjs∗pn∗ + acr × cspn < min then
min := Vs − rjs∗pn∗ × cjs∗pn∗ + acr × cspn;
jmin := jspn;
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qt := acr.
If min− Vs < ds then
rjmin := qt;
Sol := Sol\{js∗pn∗} ∪ {jmin};
Quant := Quant\{rs∗pn∗} ∪ {rjmin}.

Calculate CT :=Cost(Sol, Quant).
Output: feasible solution (Sol, Quant, CT ) of the problem.

The second strategy to improve a feasible solution is the Suppliers Reduction Number (SRN) algorithm. The
main idea is to eliminate suppliers from the solution and increase the order value of the remaining suppliers
by simultaneously avoiding the payment of the associated delivery costs. The first step is to sort the suppliers
in the solution having order values not reaching its MOV and having hight delivery costs. Then, successively,
select one such supplier and distribute its order by the remaining suppliers such that, for each product, the
selected supplier to receive the order should has the lowest price for each product. If the total cost of the new
solution is lower than the total cost of the previous solution, then remove the supplier from the solution and
replace the previous solution by this new solution. Repeat the process for the next supplier in the sorted list.

Suppliers Reduction Number (SRN) Algorithm:

Input: data ((Sol, Quant, CT ), S, Ps, Nsp, cspn, movs, Vs, bspn).
Step 1: Sort the suppliers in the solution such that if

min{(movs1 − Vs1), ds1} > min{(movs2 − Vs2), ds2},
then the supplier s1 appears first in the list than the supplier s2.
Let T be the sorted list of the suppliers.

Step 2: For all s ∈ T do
Solprov := Sol; Quantprov := Quant;
If Vs < movs then

For all p ∈ Ps such that jspn ∈ Sol, for any n ∈ Nsp, do
min := +∞;
For all s̄ ∈ T\{s} do

If p ∈ Ps̄ then
For all n ∈ Ns̄p, do

If bs̄pn × cs̄pn < min then
min := bs̄pn × cs̄pn;
jmin := js̄pn.

If min <∞ then
Solprov := Solprov\{jspn∗} ∪ {jmin};
Quantprov := Quantprov\{rspn∗} ∪ {bjmin}.

Calculate Uprov :=Cost (Solprov, Quantprov).
If Uprov < CT then
CT := Uprov;
Sol := Solprov;
Quant := Quantprov.

Output: feasible solution (Sol, Quant, CT ).

The SPS heuristic consists in (i) obtaining a feasible solution using the IFS algorithm and (ii) improving the
feasible solution as follow: (1) apply the DCE algorithm to the feasible solution; (2) apply the SNR algorithm
to the feasible solution obtained; and (3) apply the DCE algorithm again to the feasible solution.
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5. Genetic algorithm

In this section we describe a genetic algorithm for the SS problem having six variants. A genetic algo-
rithm [4,15,21] is a heuristic based on the theory of natural evolution and has the following generic steps:
generation of an initial population, evaluation, selection, crossover and mutation. First, the initial population
is formed by generating a set of initial feasible solutions of the problem (individuals). Afterwards, this popula-
tion is repeatedly modified by the genetic algorithm: a pair of individuals is chosen under some selection rules
and is combined under crossover rules giving rise to a new individual (offspring); mutations can be applied to
increase the population diversity and the new generation is selected. The convergence to the optimal solution
of a genetic algorithm is dependent on the specific rules and operators used. In this work, we compare three
selection methods for crossover and two selection rules for the new generation. Therefore obtaining six variants.

To begin we need to obtain the initial population, i.e. a set of initial feasible solutions to the SS problem. A
feasible solution to the SS problem is formed by a set of suppliers supplying all the demanded products. The
main idea of the construction of these solutions is to associate a main supplier to each solution. After, obtain the
set of products supplied by this main supplier and the best cost level condition offered by this supplier for each
product. When the main supplier can not supply all the required products, to complete the solution, we use a
greedy cover algorithm that selects from the remaining ones the supplier that can supply the highest number of
products not in the solution at the global lowest cost. Repeat this selection until all the required products are
supplied. As a solution is built by associating a main supplier to each solution, the population dimension was
fixed equal to m, the number of the available suppliers.

The evaluation of each solution in the population is obtained by calculating the solution cost as given by
expression in (2.1) and computed using the procedure Cost.

In the selection phase, pairs of individuals are chosen for crossover. We have implemented three different
selection methods [15] that differ in the selection pressure, the random method, the tournament method and
the roulette wheel method. In the random method the costs of the solutions are not considered. In the case that
m is even, m/2 pairs are randomly selected. In the case that m is odd, one solution for the next generation is
randomly selected and (m− 1)/2 pairs are randomly selected for crossover. In the tournament method [15] two
solutions from the population are randomly selected and the solution having the best cost (lowest cost) is the
first element of the pair. Then other two solutions from the population are randomly selected and the solution
having the best cost (lowest cost) is the second element of the pair. This process is repeated until we obtain a
set of 2m pairs of solutions for crossover. Contrary to the random method, in this method a solution can be
repeatedly selected or never selected. The roulette wheel method [15] is as follows. Firstly, obtain the fitness
of each solution which is the inverse value of its cost. Therefore, the solutions with lower cost will have higher
fitness than the solutions with higher cost. Secondly, obtain the fitness of the population which is the sum of
the fitness of all the solutions in the population. Next, generate a random value r between 0 and the fitness of
the population. After randomly select solutions until the sum of their fitness is greater than or equal to r. The
last selected solution for which this sum exceeds the value r is selected for crossover. This selection is repeated
to obtain the second element of the pair. The process is repeated until a set of 2m pairs of solutions is obtained
for crossover. Note that in this method a solution can be repeatedly selected or never selected.

In the crossover operation pairs of individuals, previously selected, are combined giving rise to a new indi-
vidual. One crossover operator is used: the ISF algorithm. In this operator consider as available suppliers only
the suppliers from the pair of solutions selected for crossover and use the ISF algorithm to obtain an offspring.

The mutation operation consists in applying the DCE algorithm and the SRN algorithm, just once, and in
this order. All the new individuals suffer a mutation.

After the individuals are evaluated, selected, reproduced and mutated the next generation is created. The
size of the population in each generation is constant and equal to m. The selection of the individuals to form the
next generation is made from the present generation and the generated offsprings using two different rules. The
first rule is named Descendant and Best Progenitor Selection (DBPS). All the generated offsprings are selected
for the new generation, and from each pair of progenitors the one having the best cost (lowest cost) is selected
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for the new generation. The second rule is named Two Best Solutions Selection (TBSS) and it selects among
the progenitors and the offspring the two with the best cost (lowest cost).

6. Computational results

In this section the computational results obtained using the hybrid heuristic, the genetic algorithm, the ILP
model and the PC model are reported.

All the computational results are obtained for the 25 instances of the SS problem randomly generated.
We consider the number r of required products as well as the number m of available suppliers to be in
{10, 20, 50, 70, 100}. For each one of the r products its demand quantity Qp, p ∈ {1, . . . , r}, is uniformly gen-
erated in the interval (0, 1000]. For each one of the m suppliers its MOV, movs, s ∈ {1, . . . ,m}, is uniformly
generated in the interval [0, 100] and its associated delivery cost, ds, is uniformly generated in the interval [0, 50].
For each supplier s ∈ {1, . . . ,m} the set Ps of available products is randomly defined and accordingly is defined
the set Sp of available suppliers for product p. For each pair (s, p) of a supplier s and a required product p the
MPQ, packsp, is randomly generated as a multiple quantity of 10 in the interval (0, 100]. The cost level conditions
are established by generating product quantity levels, qspn, in increasing order in the interval [0, 1000], such that
the first one is always 0, and the corresponding unit cost of the product, cspn, also in an increasing order, has
values in the interval (0, 2]. Once the level conditions are established one can define the number λsp for each
pair (s, p) and the total number SC. The costs cspnk in the PC model are taken as (0.8cspn, cspn, 1.2cspn).

The computational results are obtained using a processor Intel(R) Core(TM) i5-2410M CPU @ 2.30GHz
with 6GB of RAM. The hybrid heuristic and the genetic algorithm are implemented in Java. Using the hybrid
heuristic and the genetic algorithm feasible solutions corresponding to upper bounds for the optimal solution
value are obtained. The ILP model is used to obtain the optimal solution of the SS problem and the PC model
is used to obtain the optimal solution, when prices change occur under some probability. Both models are solved
using the branch-and-bound method from the optimization software Xpress IVE 7.3.

The computational results obtained for the 25 instances of the SS problem are displayed in Tables 1, 2, 3,
and 4. In all the tables in the first column we display the example number having results in that line. The
dimension of the examples are displayed in columns two to four: the number of suppliers, the number of
products and the number of supply conditions, respectively.

To evaluate the impact of the prices change ten realizations of the probability vector (v1, v2, v3) were consid-
ered. Based on historical data, and taking into account that usually the time gap between the suppliers selection
process and the purchase of the products is short, the probability of unchanged prices during that time is the
highest and was estimated to vary between 0.5 and 0.8. The probability of decreasing prices is not greater than
the probability of increasing prices. Therefore, we assume that in five of the ten instances v1 = 0.4 × (1 − v2)
and v3 = 0.6 × (1 − v2). In the remaining five instances we assume that v1 = v2 = 0.5 × (1 − v2). In Table 1
are displayed the average results for the ten realizations of the probability vector (v1, v2, v3) for each one of
the tested instances. In column five, named OptPC , is displayed the average optimal value of the solution ob-
tained using the PC model when considering the three scenarios simultaneously. In column six, named EEV,
is displayed the average expected value of the solution obtained for the problem with nominal prices (without
price changes) computed when price changes are allowed. To obtain this value we start by solving model ILP
considering the nominal prices, and then the optimal value of the variables zs and ts, for all s ∈ S, is fixed. By
doing so we consider that in a first decision level the suppliers and the corresponding delivery cost conditions
are selected. Afterwards, with the first stage decisions fixed, the ILP model is solved for each one of the three
scenario prices and the mean value, EEV value, is computed. In the last column, we compute the average Value
of the Stochastic Solution (VSS), which is the difference between the values EEV and OptPC . The VSS is a
quality value indicating how good is the solution obtained for the problem with nominal prices, in terms of the
first level decision variables, when prices change can occur. Thus, the lower the VSS, the higher the quality of
the solution.
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Table 1. Computational results obtained to evaluate the influence of the prices change.

Ex |S| |P | SC OptPC EEV VSS
1 10 10 495 191.8 191.8 0
2 10 20 1177 198.4 198.4 0
3 10 50 3578 479.7 479.7 0
4 10 70 1942 787.1 787.1 0
5 10 100 2731 1330.1 1330.1 0
6 20 10 802 159.2 159.2 0
7 20 20 1445 177.2 177.2 0
8 20 50 1813 495.2 495.2 0
9 20 70 1615 949.5 950.1 0.6
10 20 100 1432 1539.8 1540.2 0.4
11 50 10 661 124.2 124.2 0
12 50 20 1035 254.3 254.3 0
13 50 50 2613 545.5 545.5 0
14 50 70 1682 1081.2 1081.8 0.6
15 50 100 1447 1709.9 1709.9 0
16 70 10 516 148.8 148.8 0
17 70 20 1868 188.0 188.1 0.1
18 70 50 1601 739.5 739.8 0.3
19 70 70 3468 717.4 717.4 0
20 70 100 1367 2082.9 2082.9 0
21 100 10 750 117.7 117.7 0
22 100 20 3113 157.2 157.2 0
23 100 50 1902 656.5 656.5 0
24 100 70 1170 1430.0 1430.0 0
25 100 100 1197 2597.8 2597.8 0

Observing Table 1, the values VSS either are, almost always, equal to zero or very small. Such VSS values
suggest that the solutions obtained for the nominal price scenario are also good solutions for the case when
prices can change, in terms of the first level decisions. This means that a right choice for the set of suppliers
(first level decisions) when the problem with nominal prices is considered leads to solutions close to the optimal
solutions obtained by the stochastic model. Hence, among the several decisions within the suppliers selection
process, the most important one is the choice of the set of suppliers involved in the overall decision. These results
support the strategy used for the construction of the genetic algorithm in which the first step is the selection of
the suppliers and afterwards all the other decisions are taken.

The following specifications of the genetic algorithm are settled. The size of the initial population is defined
to be equal to the total number of available suppliers, which is also the number of individuals in each new
generation. The number of child-bearing couples is half the size of the population for the random method and
is double the size of the population for the other two methods. We apply mutation to each new offspring. This
option was taken after preliminary computational results done without applying mutation revealed poor quality
of the results. Each new generation consists of elements selected in two different ways among the individuals of
the current generation and the offsprings generated. Let the number of generations, which is also the stopping
criterion, be equal to 100. Thus, the algorithm stops at iteration 100, producing a list of feasible solutions,
possibly not all distinct. The final SS solution is one of minimum cost among those feasible solutions.

To evaluate the quality of the obtained solutions the gap between the upper bound, Bu, and the optimal
solution, OptILP , is calculated as follows:

gap = 100
(Bu −OptILP )

OptILP

,
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Table 3. Some statistics for the computational results obtained by the six variants of the
genetic algorithm.

Ex |S| |P | SC Standard Deviation Value Mean Value Mean Gap Lowest Gap
1 10 10 495 0.0 190.8 0.0% 0.0%
2 10 20 1177 0.0 200.2 1,0% 1.0%
3 10 50 3578 0.0 476.6 0.0% 0.0%
4 10 70 1942 0.0 795.0 1.7% 1.7%
5 10 100 2731 5.7 1336.9 1.4% 1.2%
6 20 10 802 0.3 158.3 0.0% 0.0%
7 20 20 1445 0.0 178.4 1.6% 1.6%
8 20 50 1813 10.5 519.7 6.2% 5.0%
9 20 70 1615 0.0 973.6 3.4% 3.2%
10 20 100 1432 0.0 1566.6 2.5% 2.5%
11 50 10 661 0.0 128.0 3.6% 3.6%
12 50 20 1035 0.0 259.7 2.7% 2.5%
13 50 50 2613 2.3 597.4 10.7% 8.9%
14 50 70 1682 5.4 1139.4 5.9% 5.3%
15 50 100 1447 5.6 1787.4 5.1% 4.4%
16 70 10 516 0.0 149.5 2.0% 2.0%
17 70 20 1868 0.5 194.3 4.3% 3.7%
18 70 50 1601 2.5 818.6 11.6% 11.1%
19 70 70 3468 2.8 797.0 12.2% 10.9%
20 70 100 1367 25.5 2152.8 4.0% 3.6%
21 100 10 750 0.0 122.8 6.0% 6.0%
22 100 20 3113 1.6 169.9 8.9% 6.0%
23 100 50 1902 2.3 725.5 11.4% 9.9%
24 100 70 1170 3.1 1556.4 9.7% 9.2%
25 100 100 1197 15.0 2584.0 4.3% 3.5%

where Bu is obtained using the hybrid heuristic or the genetic algorithm and OptILP is obtained using the
ILP model.

The Table 2 displays the computational results for the heuristics. In the fifth column of the table the optimal
solution of the problem obtained using the ILP model is displayed. The obtained results by the SPS heuristic
are displayed in the sixth and seventh columns. In the remaining columns the results obtained by the six genetic
algorithm variants are shown. For each pair of columns the value of the obtained solution and its corresponding
gap are reported. With bold we mark the best solution for each example.

For each pair of the columns, the last three lines present results reached in each column: the smallest gap, the
biggest gap and the number of times the best solution is attained. The roulette wheel method together with the
DBPS selection method is the variant having the smallest difference between the biggest gap and the smallest
gap. In fact, no variant of the genetic algorithm is absolutely better than the others. For example, using the
random method together with the selection methods DBPS and TBSS we obtained the best solution for the
8th and 20th examples. Using the tournament method together with the selection methods DBPS and TBSS
we obtained the best solution for the 13th and 22th examples. Using the roulette wheel method together with
the selection methods DBPS and TBSS we obtained the best solution for the 9th and 23th examples.

The gaps associated with the obtained solutions vary between 0.0 and 12.9 percent. In general, the gaps
increase as the number of suppliers and the number of products increase.

The solutions obtained with the genetic algorithm are always better than the solutions obtained by the SPS
heuristic. These results are expected because the SPS heuristic is totally included in all variants of the genetic
algorithm.
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Table 4. Execution time used by the six variants of the genetic algorithm to obtain the results
displayed in Table 2.

Ex |S| |P | SC Random Method Tournament Method Roulette Wheel Method
DBPS TBSS DBPS TBSS DBPS TBSS

1 10 10 495 1 1 1 1 1 1
2 10 20 1177 1 1 3 4 3 4
3 10 50 3578 15 15 65 65 67 67
4 10 70 1942 16 16 62 63 63 58
5 10 100 2731 39 41 166 168 171 171
6 20 10 802 1 1 2 3 3 3
7 20 20 1445 2 2 10 11 10 10
8 20 50 1813 16 16 68 68 69 66
9 20 70 1615 28 30 113 112 112 120
10 20 100 1432 47 48 189 198 195 191
11 50 10 661 1 1 3 2 3 3
12 50 20 1035 5 5 19 21 18 20
13 50 50 2613 65 65 266 257 270 294
14 50 70 1682 83 85 351 345 352 343
15 50 100 1447 150 145 586 591 586 579
16 70 10 516 1 1 3 3 3 3
17 70 20 1868 11 11 43 42 45 44
18 70 50 1601 64 65 257 269 258 267
19 70 70 3468 243 237 1058 936 937 972
20 70 100 1367 209 214 854 901 867 907
21 100 10 750 3 3 6 7 7 8
22 100 20 3113 27 27 101 117 92 89
23 100 50 1902 126 130 482 488 483 500
24 100 70 1170 134 133 543 519 538 533
25 100 100 1197 257 251 988 1030 1012 1009

For each example and for the six variants of the genetic algorithm, Table 3 displays the standard deviation
value, the mean value, the gap associated to the mean value and the lowest gap of the obtained results. For
the set of examples considered, the lowest gap values of the obtained results by the six variants of the genetic
algorithm vary between 0.0 and 11.1 percent. Such results show that the proposed genetic algorithm is very
robust and it can be applied to a large number of different instances, producing good feasible solutions.

The values displayed in the column of the standard deviation value allow us to say that the variants of the
genetic algorithm sometimes produce very different results, as was the case for the 20th and the 25th examples.

In Table 4 the execution computational times, in seconds, used by the genetic algorithm are displayed. The
computational times associated with the SPS heuristic are not displayed in this table because all of them are
lower than one second. For our experiments, all execution times were lower than 1080 s (18 min). In general,
the computational time increases with an increase in the number of suppliers and in the number of products.
Further, the computational time also increases with an increase in the number of supply conditions. In fact,
the highest execution time corresponds to the 19th example, the example having the highest number of supply
conditions.

7. Conclusion

In this work we address the suppliers selection problem with several products, considering minimum package
quantities (MPQ), discounted pricing schemes and minimum order values (MOV) related with delivery costs.

An integer linear programming model minimizing the total cost, the criteria elected as the most important,
is presented. The impact of prices change is analyzed through the results obtained using an integer linear
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programming model considering scenarios. The obtained results suggested that the most important decision in
the SS problem corresponds to the choice of the set of the required suppliers. Based on this finding, a genetic
algorithm is built in which a hybrid heuristic is used to select the suppliers. Since minimum order values related
with delivery costs has not been usually considered in the context of the suppliers selection problem, both the
hybrid heuristic and the genetic algorithm proposed are new. Therefore, one of the most important contributions
of this work is to present one exact formulation and two heuristic approaches for the SS problem with minimum
order values.

Based on 25 randomly generated instances, the efficiency and efficacy of the implemented algorithms is tested.
In particular, the results suggest that the genetic algorithm is robust in the obtention of good solutions for the SS
problem, since the values of the obtained solutions are very close to the value of the optimal solution determined
by the exact model. In fact, the relative gap for all the used instances is always lower than 13%, and lower than
6% in most of the cases.

As future work it is to extend the methodologies followed in this paper to the SS problem in which stocking
policies are desirable (no perishable products). This assumption makes the SS problem much harder to solve
since it is necessary to obtain the optimal solution over a specific time horizon for a set of projects/instances
that are not independent.
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