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ABSTRACT

This thesis considers the use of multi-criteria optimization methods applied to supplier
selection and order allocation problem over a planning horizon under multiple sourcing strategy.
The supply chain system is modeled with a single buyer and multiple suppliers with deterministic
demands as a mixed integer programming problem.
We study the supplier selection and order allocation problem with three objectives. The
criteria considered are (1) total cost over the planning horizon; (2) weighted average lead time
and (3) weighted average quality defect rate. We first develop the mathematical formulation for
all three objectives and then present a general multi-period and multi-criteria optimization model
for the procurement problem.
Two methods are used to solve the multi-criteria mathematical programming problem.
The first approach is the Weighted Objective method. It is used to generate several efficient
solutions by changing the weights assigned to the three criteria. The second approach is the Goal
Programming method, which is used to generate the optimal solutions that can satisfy the
specified targets set for the three criteria according to the decision maker’s preference. Several
efficient points are generated by both Preemptive and Non-Preemptive Goal Programming
methods. A numerical example is presented to illustrate both approaches. There are fourteen
efficient solutions generated from both approaches. We compare the efficient solutions visually
using the Value Path Approach. A sensitivity analysis is done to study the impact of changing the
weight of the non-value added cost in the total cost objective.
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Chapter 1
Introduction
Nowadays, companies are forced to seize any opportunity to optimize their business
processes and control their budgets in order to stay competitive in an environment, which is
characterized by higher customer expectation for quality, shorter product cycle time and more
flexibility. In many industries, cost of purchasing raw material and component parts from
suppliers constitutes a major percentage of total expense. For manufacturing firms, raw material
cost can account for 40%-60% of the production cost. According to the report by Weber et al
(1991), cost of purchasing raw materials and services can occupy up to 80% of the total product
cost. Furthermore, there is an unrelenting rise in the cost of many raw materials in recent years,
which has cut the corporate profits. Therefore, sourcing decisions including identification,
evaluation and management of the right suppliers become critical for buyers to maintain the
product quality and customer responsiveness as well as controlling cost.

1.1 General Supplier Selection Criteria and Process

Supplier selection is the process by which the buyer identifies, evaluates and contracts
with the suppliers. Supplier selection is an essential strategic decision since it may affect multiple
functional areas from purchasing of raw material and components, production planning, to
inventory management and the delivery of end products.

There should be several factors and criteria that can affect the supplier selection process.
An important review of supplier selection methods and key criteria was presented by Weber et al
(1991). Top ten criteria are net price, delivery, quality, production facilities and capabilities,
geographical location, technical capability, management organization, reputation and position in
industry, financial position and performance history. According to Ravindran and Warsing (2013),
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net price, quality and delivery performance are always the most important and widely used
criteria, which will also be used in the thesis. Furthermore, financial position became more
important while geographical location became less important since the 1990s because of
globalization. New criteria that are gaining importance recently are new technologies, flexibility
and risk management.
Most supplier selection frameworks are multi-phase methods. As summarized in the
literature review by Aissaoui (2007), several steps should be followed. Firstly, preparations need
to be made including the problem definition and criteria formulation. Afterwards, there should be
a pre-selection of potential suppliers to shorten the list and maintain a low number of suppliers.
Furthermore, final selection should be made to determine the best combination of vendors and
order allocations among them. Mendoza et al (2008) identified a three-phase multi-criteria
framework to carry out the supplier selection process. They proposed a screening process using a
multi-criteria ranking method in the first phase. It used a distance metric with the respect to the
ideal solution. The second phase was to compute the criteria weights and rank the suppliers with
AHP method. Finally, a preemptive goal programming model was implemented to allocate orders
among the selected supplier in the third-phase.

1.2 Problem Statement

This thesis will consider a supply chain system with single buyer and multiple suppliers
for multiple items over multiple periods. There is a buyer who needs several parts for
manufacturing and will be ordering them in lots from multiple suppliers. Figure 1.1 illustrates the
two-stage supply chain network considered in this thesis.
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Figure 1-1： Two-stage Supply Chain Network
There are two key decisions to make in this thesis: 1) to choose the most favorable
suppliers from a given set of suppliers to meet supplier selection criteria for various items in each
period; 2) to order optimal quantities in each period from the selected suppliers to meet the
production demand. There are three conflicting objectives that will be considered: 1) total cost
incurred in the planning horizon, 2) lead time, and 3) quality.

1.3 Thesis Outline

The thesis is organized as follows: Chapter 2 consists of the literature review of the
supplier selection and order allocation models under multiple sourcing and conflicting criteria.
Chapter 3 introduces the basic multi-criteria optimization models for allocating orders among
selected suppliers over finite time periods. Chapter 4 presents an illustrative example with
realistic data. A sensitivity analysis is done to study the effects of model parameters. It also
includes managerial insights based on the model solution and analysis. Chapter 5 consists of
conclusions and directions for future research.
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Chapter 2
Literature Review
In this section, we will present a review of literature related to methods of single-period
supplier selection and order allocation, multi-period supplier selection and order allocation in a
multiple sourcing environment under quantity discount and transportation alternatives. Then, the
methodology of multi-criteria optimization will be reviewed as well as its application in the field
of supplier selection and order allocation.

2.1 Supplier Selection and Order Allocation Models under Multiple Sourcing Strategy

Regarding decisions associated with supplier selection, the first major decision is to decide
when to use asingle sourcing strategy or a multiple sourcing strategy. As stated by Ghodsypour
and O’Brien (2001), single sourcing is the strategy that only one supplier is selected to satisfy
buyer’s requirements of demand, quality, delivery, etc. Multiple sourcing is the strategy that
multiple suppliers should be used to satisfy buyer’s requirement under constrains of suppliers’
capacity, quality, etc. Although single sourcing may reduce the cost due to quantity discounts
and economics of scale in shipping, the disruption risk may increase and price may be higher due
to less competition among suppliers (Ravindran and Warsing, 2013). As a result, many buyers
have taken the strategy of multiple sourcing. In our work, we will focus on the supplier selection
and order allocation among selected suppliers, under a multiple sourcing strategy.

Supplier selection and order allocation under multiple sourcing strategy is a multi-criteria
problem with both qualitative and quantitative factors being considered. There are several types
of methods and models in this field. Ravindran and Wadhwa (2009) provide a review of methods
in supplier selection. For the prequalification of suppliers, the commonly used techniques are
categorical methods, Data Envelopment Analysis (DEA), cluster analysis, Case-Based Reasoning
(CBR) systems and Multicriteria Decision Making Methods (MCMD) (Ravindran & Warsing,

5
2013). In the final selection phase, which is to identify the most suitable suppliers and allocate
orders among them, there are two cases to consider: (1) single sourcing and (2) multiple sourcing.
Some of the methods used in single sourcing are linear weighted point, cost ratio, Analytic
Hierarchy Process (AHP) and Total Cost of Ownership (TCO) (Ravindran & Warsing, 2013).
The most appropriate method used in multiple sourcing is mathematical programing. There are
two types of mathematical programming methods, multiple sourcing single objective method and
multiple sourcing multi-objective method. We will focus on reviewing these two types of
methods.
Mostafa (2012) proposed a segmentation of existing models, which is shown in Figure 2.1.
We will first focus on the single-period supplier selection and order allocation models. Then we
will review the order allocation models over multiple periods. Finally, we will review existing
models under quantity discount and with multiple transport alternatives.
Supplier Selection models

Order allocation
(Multiple Sourcing)

Single product

Single period

Multiple periods

Without allocation
(Single Sourcing)

Multiple products

Single period

Multiple periods

Figure 2-1：Classification of supplier selection models

2.1.1 Single-period Supplier Selection and Order Allocation models

Since this is a strategic-level problem, the main concern lies in purchasing price, product
quality and delivery. The approaches that are commonly applied can be divided into different
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groups: Multi Attribute Decision Making Techniques (MADM) such as Analytic Hierarchy
Process (AHP), Mathematical programming and statistical approaches. The first two categories of
approaches are often integrated to figure out the final order allocation results. The most
commonly used methods in supplier selection research field involve mathematical programming,
which is sometimes combined with MADM techniques.
Ghodsypour and O’ Brien (1998) proposed an integration of AHP and linear programming
method to select better suppliers as well as deciding optimal order quantity among them to
maximize the total value of purchasing (TVP). TVP was defined by the sum product of overall
score and order quantity of each supplier. If Ri denotes the final rating score of ith supplier and Xi
denotes the order quantity for ith supplier, the TVP for all the n suppliers can be represented as
n

R X
i

i

. The overall score for each supplier was computed using AHP with price, quality and

i 1

service as three key criteria.

Mendoza et al (2008) proposed a three-phase multi-criteria method to solve the supplier
selection and order allocation problem. The first phase was to screen suppliers on the given
criteria from a list of potential suppliers. The second phase was to calculate the criteria weights
and come up with the ranking of suppliers screened from the first phase. The third phase was to
allocate the orders among the selected suppliers. L2 metric, AHP and Goal Programming (GP)
methods were applied to the three phases, respectively. This model provided systematic guidance
and specific way to the whole supplier selection process with multiple criteria being considered,
including flexibility, quality, price, service and delivery.

Ravindran et al (2010) developed a two- phase model to solve the risk-adjusted supplier
selection problem with multi-criteria optimization methods. In the first phase, suppliers were
shortlisted by ranking them under multiple criteria using Rating, Borda Count and AHP methods.
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The criteria were delivery, business performance, quality, cost, information technology, long term
improvement and risk. Some attributes were given for each criterion to measure the suppliers’
performance. In the second phase, only lead time, cost and risk were used as criteria to formulate
a multi-criteria optimization model to solve the supplier selection problem for multiple products
with incremental price discount. The authors considered two types of risk: value-at-risk (VaR)
and miss-the-target (MtT) risk. VaR type risks are used to model globally disruptive events at
suppliers with severe impacts to buyers. While MtT type risks are used to model events that
happen more frequently at suppliers with less impact to buyers. Preemptive, Non-Preemptive,
Tchebycheff (Min-Max) and Fuzzy Goal Programming methods were used to solve the problem.
The models were illustrated with an actual application.
Salman et al (2013) proposed a two-phase fuzzy multi-objective linear programming model
under multi-price level and multi-product scenario, which made the problem more realistic and
complicated. Attempts were made to minimize total cost, number of defects, number of late
delivery units simultaneously.
Statistical approaches are not commonly used in Supplier Selection, compared with
mathematical programming methods. Ding et al (2005) proposed a discrete-event simulation to
evaluate the performance of supplier portfolio. The Genetic Algorithm (GA) was used to search
different supplier portfolios. The advantage of developing the GA methodology was to optimize
supplier portfolios with demand uncertainty.
2.1.2 Multi-period Supplier Selection and Order Allocation models

The multi-period supplier selection and order allocation problem is an extension of the
single-period problem. The difference is that lead time and inventory management have to be
considered explicitly in a multi-period problem. Such models can be divided into several
categories, such as Economic Order Quantity (EOQ) concept, multi-period horizon, single or
multiple criteria.

8
Regarding the models with EOQ concept, Ghodsypour and O’ Brien (2001) proposed a
mixed-nonlinear programming model to solve a multiple sourcing problem minimizing the sum
of transportation, ordering and inventory cost with some constraints on service, quality and
budget. In that model, the inventory cost was calculated using EOQ model with the assumption of
constant demand rate. Mendoza and Ventura (2008) extended that model by allowing several
orders per supplier in each order cycle.
In the field of multi-period horizon models, most of the models assume that the demand in
the various periods is time varying, given by a demand forecast. Among these models, some of
them only considered optimizing one objective, which was the total cost. Bender et al (1985)
proposed a mixed integer programming model to select suppliers for multiple products as well as
allocate orders among them with quantity discount in order to minimize the sum of purchasing
cost, transportation cost and inventory cost at IBM within the planning periods. The model was
also developed as a computerized system which was implemented by the company.
Tempelmeier (2002) proposed a heuristic algorithm to solve the supplier selection and
purchasing lot sizing problem under time-varying demand and price discount, which was
implemented with the integration of a Web-based procurement decision making process.
Basnet and Leung (2005) presented a multi-item problem and a corresponding mixed
integer programming model to balance inventory holding cost and purchasing cost. The model
was solved by a heuristic algorithm. Although purchasing and inventory cost were taken into
account, the model did not have any constraints on suppliers’ capacity and storage capacity.
Woarawichai et al (2011) proposed a similar problem under storage space and budget constraints,
making the problem more realistic.
Mak et al (2011) proposed a model for a multi-period multi-product manufacturing system
with customer flexibility. Instead of assuming single buyer, a system with multiple buyers was
considered. The new mixed integer program was developed to minimize total cost under the
constraints of delivery tardiness. A hybrid algorithm was developed to solve the problem.
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Although cost is a main concern when making purchasing decisions, other factors such as
responsiveness and quality are also important. Since these criteria are conflicting, models with
multiple objective techniques seem to be more reasonable and realistic when applying to real
world problems.
Buffa and Jackson (1983) proposed a goal programming model to make purchasing
decision for one product over several planning periods. The criteria being considered included
price, quality and delivery. Ozden and Ezgi (2008) addressed a multi-period lot sizing problem
with supplier selection using an integration of Analytic Network Process (ANP) and achievement
scalarizing functions. The additive achievement function was defined with consideration of cost
and quality. Minmax Goal Programming was utilized to balance the unwanted deviation from
periodic budget and quality goals. It enabled more flexibility by reflecting decision maker’s
preferences.
2.1.3 Supplier Selection and Order Allocation Models under Quantity Discounts

Price discounts are often offered by suppliers during the purchasing process. This often
affects both the order quantity and the purchasing cost for buyers. Thus, price discounts should
not be neglected when making purchasing decisions in practice. In the paper of Mostafa et al
(2012), several different types of price discount were summarized including all-unit price break,
incremental price break, business volume discount, bundling and other forms. For the all-unit
price discount, the variable price to pay for an item applies for all units that are ordered. While
for the incremental price discount policy, the discount applies only for quantities exceeding the
price break quantities. For all-unit price discounts and incremental price discounts, binary
variables need to be introduced to define the relationship between volume and price, which makes
the model more complex. Standard formulations of modeling both all-unit discount and
incremental discount as integer programming problems are given by Ravindran and Warsing
(2013). Business volume discount is a type of price discount that applies to the total dollar
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volume of business awarded to a given supplier, not the order quantity of each individual product
(Xia & Wu, 2007). Bundling is a class of price discount wherein the price of an item is related to
the order quantities of other items. This type of discount applies to two or more items being sold
together as a bundle (Aissaoui et al, 2007).

Gaballa (1974) incorporated the all-unit discount to minimize the total purchasing cost for
the Australia Post Office, using mixed integer programming. Pirkul and Aras (1985) proposed a
multi-item order allocation problem with the presence of all-unit discount and resource limitation.
An efficiency algorithm with Lagrangian Relaxation approach was developed to solve the
problem.
Wadhwa and Ravindran (2007) proposed a multi-criteria model in a multiple sourcing
environment with incremental price discounts incorporated. Binary variables were used
corresponding to the quantity range of each price break. Linearizing constraints were added to
ensure that it was a mixed integer linear optimization model.
There have also been some research that includes both types of price discounts. Chaudhry
et al (1993) proposed a mixed binary programming model for vendor selection problem with both
all-unit discount and incremental discount. Tempelmeier (2002) focused on a supplier selection
and purchase order sizing problem for a single item under dynamic demand conditions. And the
all-units and incremental quantity discounts varying over time were discussed. The model was
formulated as a single-objective non-linear optimization problem, with the total cost minimized.
A heuristic algorithm was developed and utilized to solve the problem. Jafar and Maghool (2010)
proposed a fuzzy bi-objective model for the problem of multi-item supplier selection and lotsizing planning under multiple price discounts including all-unit discount and incremental
discount. Price discount is seldom included in a multi-period multi-item supplier selection and
order lot sizing problem due to its large size of variables and constraints.
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2.1.4 Supplier Selection and Order Allocation Models with Multiple Transportation
Alternatives

Transportation should be incorporated into the purchasing decisions, especially for the
buyers who need to pay the transportation costs by themselves. Baumol and Vinod (1970)
proposed the inventory theoretic model considering three factors of transportation: shipment cost,
speed and reliability. Thus, different transportation modes may lead impact to not only total cost
but also customer responsiveness. So far, only a few of studies have incorporated transportation
alternatives into supplier selection and order allocation models.

Dullaert et al (2005) formulated a combinational optimization problem determining the
optimal mix of transportation alternatives so that the total cost involved would be minimized.
Although it was a new methodology to integrate transportation alternatives into order allocation
procedure, the model was constricted by finite number of possible order quantities due to its
assumption that the entire capacity of transportation alternative should be utilized once it was
selected. Besides, cost was the only concern in this model.
Songhori et al (2010) developed a two-phase approach to consider the single-item multiperiod supplier selection and order allocation problem with multiple transportation alternatives. In
the evaluation phase, the DEA (Data Envelopment Analysis) approach was utilized to identify the
superior suppliers and corresponding appropriate transportation alternative. Criteria of cost,
quality and lead time were included and the corresponding indicators were used for both input
and output. In the allocation phase, a mixed integer programming model with two objectives was
conducted to decide the optimal quantity allocated to each supplier at each period under each
transportation alternative. The efficiency obtained from the evaluation phase was maximized
while the total cost was minimized. This study presented the need and a possible methodology to
integrate different transportation alternatives in the supplier selection and order allocation models
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over discrete time periods. However, the model only focused on single-product supply chain
system, which may not be the case in most circumstances.
Kungwalsong (2013) discussed the disruption risk existing in components of a supply chain
including facilities and transportation links. A disruption risk assessment framework was
developed to quantify the disruption risk scores of each component in a supply chain. In addition,
a multi-criteria strategic model was formulated to design a global supply chain network
incorporating disruption risk. Furthermore, the impact of disruption at transportation links on the
supply chain network profit and the demand fulfillment was evaluated. Some suggestions on how
to increase the supply chain network resilience were given. The author showed that when locating
facilities (plants and DCs) and selecting transportation modes, risk is an important criterion to
take into account. Pro-active risk mitigation strategies were also discussed.
2.2 Multi-Criteria Optimization

Multi-criteria optimization methods belongs to the field of multiple criteria decision
making (MCDM), which are concerned with finding the best alternatives under multiple
conflicting objectives. Trade-off needs to be made by Decision Maker (DM) and one or more
efficient solutions may be chosen to maximize DM’s preference. Here, we focus on the MCDM
problems with infinite number of alternatives. These problems are called multi-criteria
mathematical programming (MCMP) problems. A review of problem definition, terminology and
methods are given below.

2.2.1 Definition of MCMP

Following Shin and Ravindran (1991), a multi-criteria mathematical programming (MCMP)
problem can be written as:
Max F ( x)   f1 ( x), f 2 ( x),..., f k ( x)
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Subject to,

g j ( x)  0 for j  1,..., m

Where:
x − n-vector of decision variables
S − Feasible region in the decision space, which is defined as S  {x g j ( x)  0, for all j}
Y − Criteria or objective space, which is defined as Y  { y F ( x)  yx  S}

2.2.2 Terminology (Shin & Ravindran, 1991)

Ideal Solution
It is defined as the vector of best values achievable for each criterion. In other words, it is
the individual optima of each objective function regardless of others. In a multi-criteria
optimization problem, the ideal solution is not achievable since the criteria or objectives are
conflicting with each other.
Efficient, Non-Dominated or Pareto Optimal Solution (Shin & Ravindran, 1991)
In MCMP problems, a solution x 0  S is said to be efficient if f k ( x)  f k ( x 0 ) for some

x  S implies that there exists at least one other index j with f j ( x)  f j ( x 0 ) . In other words,
efficient solution can improve an objective only by sacrificing on at least one other objective.
Dominated Solution
A dominated solution is a feasible solution where at least one objective can be improved
without losing achievements in other objectives.
Best Compromise Solution
The best compromise solution is one that can maximize the Decision Makers’ preferences.
It is generally assumed that the DM’s preferences can be modeled as a real-valued function, but it
is not known explicitly.
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2.2.3 MCMP Methods

There are several methods to solve MCMP problems. Based on the classification made by
Shin and Ravindran (1991), the approaches can be categorized by the basic assumptions
associated with then DM’s preference function.

Methods with Pre-specified preference information from DM
In this category, prior articulation of preferences is made by the DM before the MCMP is
solved. One typical method belonging to this category is Goal Programming (GP). In goal
programming, DM needs to assign target levels for each objective. In addition, relative priority on
achieving those target levels should also be provided by the DM. The objective of GP is to find
an optimal solution that is as close as possible to the targets with specified priorities. GP can be
classified as preemptive and non-preemptive based on the different ways priorities are determined
for each goal.
In the preemptive GP, ordinal ranking is used to assign goals to different priority levels
from highest to lowest. The goal assigned to a lower priority will not be considered until
satisfying the goal with a higher priority. The model becomes a sequential optimization problem.
Lee (1972) and Arthur and Ravindran (1978) provided efficient algorithms for solving the
preemptive linear GP problems.
In the non-preemptive GP, pre-specified weights are assigned to each goal and the
objective is to minimize the weighted sum of goal deviations. In this case, the goal program can
be reduced to a single-objective optimization problem
Methods with no preference information available
This approach is involved in generating all efficient solutions to the DM to choose from.
Method of global criterion (Hwang and Masud, 1979) and compromise programming (Zeleny,
1982) belong to this category.
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Interactive Methods
Methods that rely on partial preference information which is obtained from the DM
progressively are called interactive methods. The implementation of these approaches begins with
finding an efficient solution. Afterwards, DM’s response to that solution is obtained. These two
steps should be repeated until the DM is satisfied or until other termination criterion is met to
terminate. Shin and Ravindran (1991) presented a detailed survey of MCMP interactive methods
including classification scheme, a review of methods in each category and a rating of each
category of methods. According to the authors, typical interaction styles included binary pairwise comparison, pair-wise comparison, vector comparison and precise local tradeoff ratio.

2.3 Multi-criteria Supplier Selection and Order Allocation Models

A large number of scholars who are concerned with supplier selection problem haven
considered the multi-criteria decision making approaches. Wind and Robinson (1968) were the
first to apply linear weighting method to a vendor selection problem. They developed an
evaluation function, which turned out to be a linear weighted function consisting of several scaled
performance criteria, such as quality/price ratio and delivery reliability, and weights assigned to
each criterion. The score of each supplier’s evaluation function was calculated and the supplier
with highest score was chosen. Such methods are more applicable to pre-selection phase of
purchasing process.

With the method of pairwise comparison, Analytic Hierarchy Process (AHP) turned out to
be a more effective scoring method and was widely applied in the pre-selection phase of supplier
selection process. Nydick and Hill (1991) proposed an AHP model to structure the supplier
selection procedure. Four criteria that were taken into account were quality, price, service and
delivery. The weight of each criterion was obtained by pairwise comparison. His research
provided some prototype of supplier selection procedure, as well as a systematic method to make
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it implemented. However, AHP is not quite efficient when number of criteria and alternatives
become large.
Fuzzy theory is another tool used for supplier selection models. Li et al (1997) proposed a
fuzzy set method to compensate blindness in human judgment in supplier performance evaluation.
SUR, which was the intuitive sum of weighted average of scores for qualitative and quantitative
criteria, was illustrated.
Although linear weighting methods are efficient and easy to implement, it is impossible to
measure quantitative aspects accurately. Besides, when coming to the final supplier selection
phase, which should also decide the order allocation among selected suppliers, mathematical
programming becomes a powerful and popular approach. Here, we focus on MCMP models
being applied in supplier selection and order allocation models.
Karpak et al (2001) developed a visual interactive goal programming (VIG) model to
identify suitable suppliers for multiple products as well as allocating orders among them.
Thereby trade-offs were analyzed among multiple goals associated with criteria of cost, quality
and delivery simultaneously.
Wadhwa and Ravindran (2007) applied and compared three different methods to solve the
multi-objective supplier selection model in a multiple sourcing environment. There were three
conflicting objectives being minimized, which were total cost, weighted average lead time and
weighted average percentage of quality rejects. Furthermore, the incremental price discount was
being incorporated into the model to make it more realistic. The solution methods included
weighted objective, goal programming and compromise programming. The Value Path Approach
was utilized to compare and analyze the results obtained from different methods. Their work
provided some insight into the supplier selection field on utilizing different methods and making
comparisons to solve multiple criteria optimization problems.
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Fariborz and Yazdian (2011) proposed an integration of fuzzy TOPSIS and goal
programming (GP) for multi-product multi-supplier purchasing over multi-period. The suppliers
were firstly evaluated in the first phase with a fuzzy multiple criteria decision making (FMCDM)
approach. The criteria such as quality and delivery were considered in the first phase. Then the
goal programming technique was utilized to solve a mixed integer programming with two goals
included, total value of purchasing and periodic budget.
Many of the previous studies have focused on applying MCMP to supplier selection and
order allocation models. However, such approaches are not frequently seen in the field of multiperiod multi-item problems due to their complexity. Therefore, the focus of this thesis is to build
a multi-period supplier selection and order allocation model under multiple sourcing strategy
using MCMP approaches.
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Chapter 3
Model Formulation
In this chapter, a multi-criteria mixed integer programming model will be presented to
solve the multi-period supplier selection and order allocation problem. Multi-criteria optimization
techniques will be utilized to minimize cost, weighted average lead time and weighted average
quality defect rate. This model is an extension to the model proposed by Wadhwa and Ravindran
(2007).
The model assumes that the Inventory Holding Cost (IHC) is proportional to the number of
units in inventory and the length of time held in inventory.

3.1 Model Description and Formulation

Consider a system of single buyer, multiple suppliers and multiple types of part with
demand over multiple periods. The demand for each part in each period is deterministic based on
demand forecasts. The problem is to select suppliers among the given set of suppliers in each
period and allocate orders among the selected suppliers. Objectives to be minimized include cost,
lead time and quality defect rate.

3.1.1 Assumptions


The buyer purchases different parts within multiple periods.



The demand for each part in each period is deterministic.



The buyer can purchase a part from a single or multiple suppliers in each period.



Each supplier has a constant price, lead time and unit transportation cost for each part
during the planning horizon.



There are generally two types of fixed ordering costs: one is product-dependent while the
other is product-independent. The product-dependent cost is related to the producing
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process, such as machine set-up cost, which varies with different types of products. The
product-independent cost only varies with different suppliers, such as the paperwork
needs to be done for the entire order containing different types of product. Here for
simplicity, we assume that the fixed ordering cost only refers to the product-independent
cost. In other words, the fixed ordering cost is constant for each supplier, independent of
product and purchasing quantity.


The unit inventory holding cost for each part at each period is defined as the average
price among all suppliers multiplied by the interest rate, which is a constant. The unit
inventory holding cost for a part would be different for different suppliers since they offer
different prices. However, for simplicity, we take the average of those prices charged by
different suppliers and multiply it with interest rate as the unit inventory holding cost for
each part. Hence, the inventory cost for a part is proportional to only the amount of
inventory and time period.



No shortage is allowed for any part.



The price for each supplier’s part won't change during the planning horizon.

3.1.2 Notation


Indices:

i= part (i=1,…,m)
j=supplier (j=1,…,n)

There are m types of parts in total.
There are n suppliers in total.

t=time period (t=1,…, T) T – Planning horizon
 Parameters:

Lij : lead time of supplier j for part i
Dij : demand for part i in period t
C ij : unit shipping cost of supplier j for part i
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CAPij : capacity of supplier j for part i in any period

S j : fixed set-up cost to order any part from supplier j in any period

qij : quality rejection rate for part i, supplier j
pij : price for part i, supplier j

hi : per unit holding cost for part i per period.
 Decision Variables:

 jt  0, 1 ;  jt  1 indicates that there is an order placed to supplier j in period t,
independent of the order quantity and part.

X ijt : order quantity for part i from supplier j in period t.
Note: the order is placed at period t and will arrive at t+Lij.

I it : inventory level for part i at the end of period t
Note:

I i ,0 and I i ,T are the initial & final inventory for part i (specified constants).

3.1.3 Objective Functions

There are three objective functions in the model: total cost, weighted average lead time and
weighted average quality defect rate.

1) Minimize the total cost over the planning horizon.
The total cost consists of fixed ordering cost, purchasing cost (part itself), inventory cost
and shipping cost.
 Fixed ordering cost:
Once the supplier j is selected for any part in period t, there is a fixed ordering cost
associated with it. The total ordering cost is given by:
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n

T

 (S 
j

j 1 t 1

jt

)

 Purchasing cost:
The total purchasing cost over the planning horizon is given by:
T

m

n

t 1

i 1 j 1

 ( pij X ijt )
Here, we assume that the price for each part is constant in the planning horizon.
 Inventory holding cost:
The total inventory holding cost is given by:
T

m

t 1

i 1

 ( hi I it )
 Shipping cost:
This is the cost generated to ship the parts from suppliers to the buyer. The total shipping
cost is given by:
T

m

n

t 1

i 1 j 1

 ( Cij X ijt )
Here, we assume that the buyer pays the shipment cost.
 Total Cost:
Summing up the fixed ordering cost, purchasing cost, inventory holding cost and
shipping cost, the first objective is given by:
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 S  +    p

T

Min Z1 =

n

t 1 j 1

T

j

m

n

jt

t 1

i 1 j 1


+
ij X ijt 


m

T

 h I 
i 1 t 1

i it

T  m n

+    Cij X ijt 


t 1  i 1 j 1


(3.1)

2) Minimize the weighted average lead time over the planning horizon.
According to Ravindran and Warsing (2013), weighted average lead time is commonly
used to measure the combined lead time of selected suppliers.
The weighted average lead time is calculated by summing the lead time for all parts, all
suppliers and all periods and dividing it by the total number of orders. In our case, lead time is
measured in weeks. The objective of minimizing the weighted average lead time is given by:

 m n

  Lij X ijt ) 



t 1  i 1 j 1

Min
m
n
T


  X ijt 


 i 1 j 1 t 1

T

(3.2)

Note that the total number of orders within the planning horizon is equal to the total
demand:
m

n

T

 X
i 1 j 1 t 1

m

ijt

T

 Dit
i 1 t 1

Hence, the denominator of the objective function in Eq (3.2) is a constant.
Thus, the second objective (Eq 3.2) is equivalent to:

Min Z2 =

T

m

n

t 1

i 1 j 1

 ( Lij X ijt )

(3.3)
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3) Minimize the weighted average quality defect rate over the planning horizon.
According to Ravindran and Warsing (2013), weighted average quality defect rate is
commonly used to measure the combined quality of parts provided by selected suppliers.
Weighted average quality defect rate is calculated by summing up the defect rates over all
parts, all suppliers and all periods and dividing it by the total number of orders.

 m n

  qij X ijt 



t 1  i 1 j 1

Min
m
n
T


  X ijt 


 i 1 j 1 t 1

T

(3.4)

This is equivalent to:

Min Z3 =

T

m

n

t 1

i 1 j 1

 ( qij X ijt )

(3.5)

3.1.4 Constraints
 Demand Constraints:

There constraints make sure that in each period t, the inflows and outflows are balanced
to meet the demands in each period for all parts.

Let

ti* represent the minimum lead time for part i among all suppliers.

Hence, t t*  Min Lij .
j

*

Note that from period 1 to period ti , the demand of part i can only be satisfied by initial
inventory at the beginning of period 1.
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ti*

Hence, I i , 0 

D

From period

ti* to period T, the demand of each part can be satisfied by both inventory

it

t 1

.

and the new orders received at each period:

I i ,t 1 

n

X
j 1

i , j ,t  Lij

 Dit  I it for all i=1,…,m and

Note: X i , j ,t  Lij  0 for any j for which

ti*  t  T

(3.6)

t  Lij  0

 Capacity Constraints:
These constraints make sure that the order quantity from each supplier in each period
cannot exceed the supplier’s capacity. Furthermore, it also guarantees that the binary variable

 jt = 1 when supplier j is selected in period t.
X ijt  CAPij *  jt for all i=1,…,m , j=1,…,n and t=1,…,T

(3.7)

 Maximum number of suppliers:
The number of suppliers used in each period is restricted as given below:
n


j 1

jt

 N for t=1,…,T

Where N is the maximum number of suppliers allowed to select in each period.

(3.8)
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 Other constraints:
These constraints are to make sure that all the decision variables are non-negative and
all the binary variables are well defined.

X ijt ≥ 0 and X ijt are integers for all i=1,…, m, j=1,…, n, t=1,…,T

I it ≥ 0

for all i=1,…, m, t=1,…,T

 jt  0,1

(3.9)

(3.10)

(3.11)

3.2 Solution Approaches

Since this is a multi-objective optimization problem, it could be solved by using different
methods. In this thesis, the model will be solved using the weighted objective method and the
goal programming method (Masud & Ravindran, 2008).

3.2.1 Weighted Objective Method

Weighted Objective Method is one of the commonly used techniques in multi-objective
problems to find some efficient solutions. The basic idea is to assign weight for each objective
after it has been appropriately scaled. The multi-objective problem is then transformed to a
weighted objective using the weighted sum of original multiple objectives. A brief description of
this method is given below:

The multi-criteria mathematical programming (MCMP) problem can be written as:
Max F ( x)   f1 ( x), f 2 ( x),..., f k ( x)
Subject to g j ( x)  0 for j  1,..., m
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Where S  x g j  x   0, j  1,..., m is the feasible region and f i (x) , i=1,…,k are the k
criteria functions.
The formulation of the weighted objective problem, also known as the

P problem, is given

below: (Masud & Ravindran, 2008)
k

Max Z   i f i ( x)
i 1

Subject to x  S
k


i 1

i

1

i  0
where

i

is the weight assigned to objective i.

Theorem 3.1 (Geoffrion, 1968): Let i  0 for all i be specified. If x0 is an optimal
solution for the P problem, then x0 is an efficient solution to the MCMP problem. Theorem 3.1
is only a sufficient condition and is not necessary. That is, there may be efficient solutions to
MCMP problem which could not be achieved as an optimal solution to P problem.
Under this approach, the problem is transformed into a single objective mixed integer
programming problem, as shown below.
T  m n
T  m n
 T n
 m T







w
S


p
X

h
I

Min 1  j jt    ij ijt   i it    Cij X ijt 
 t 1 j 1
t 1  i 1 j 1
t 1  i 1 j 1
 i 1 t 1


T  m n
T  m n


 w2    Lij X ijt    w3    qij X ijt  
 t 1  i 1 j 1
 t 1  i 1 j 1
 
 

(3.12)
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where w1 , w2 and w3 represent the weights assigned to the objective: total cost, weighted average
lead time and weighted average quality defect rate, respectively. Note that the weight of each
objective demonstrates the relative importance of that objective.
It is essential to scale the objectives for the weighted objective approach. There are several
scaling methods, such as simple scaling, ideal value method, simple linearization and Lp Norm
(Vector Scaling). The different scaling methods are discussed in Ravindran & Warsing (2013).
For the weighted objective method, we will use simple scaling method to our model since it is the
most common scaling method used in practice.
In simple scaling, the criteria values are multiplied by 10k where “K” is a positive or
negative integer including zero. Here, we denote that the three objectives are scaled by the value

c i , i=1,…, 3. Thus, the scaled objectives are

zi
, as given below:
ci

T  m n
T  m n
 m T

w1  T n






S


p
X

h
I

Min
 j jt    ij ijt   i it    Cij X ijt 
c1  t 1 j 1
t 1  i 1 j 1
t 1  i 1 j 1
 i 1 t 1


w
 2
c2

T  m n
  w3  T  m n

   Lij X ijt       qij X ijt  
 t 1  i 1 j 1
  c3  t 1  i 1 j 1
 

(3.13)

3.2.2 Goal Programming

Goal Programming is a widely used method to deal with multi-criteria optimization
problems. The basic idea is to specify a set of targets or goals for the conflicting objectives and
minimize the deviations from the goal using the decision maker’s preference (Lee, 1972). Thus,
apart from the actual constraints, a set of goal constraints corresponding to each criterion is
incorporated, allowing deviation from the targets. Undesired deviations from each target should
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be minimized to implement the goal programming method, with the priority or weight according
to each criterion’s relative importance. The general formulation of goal programming (GP)
approach shown below is given by Masud & Ravindran (2008).

k

 
 
Minimize Z   ( wi d i  wi d i )
i 1

Subject to:

f i ( x)  di  di  bi for i=1,…,k
g j ( x)  0 for j=1,…,m

x j , d i , d i  0 for all i and j
Where bi represents the acceptable level of achievement for each criterion f i and a weight

wi (ordinal or cardinal) is assigned to the deviation between f i and bi .The variables,

d i and d i , are the deviational variables representing the under achievement and over
achievement of the ith goal, respectively.




There are two forms of weights ( w i , wi ):
1. Prespecified weights (cardinal)
2. Preemptive priorities (ordinal)




Under pre-specified (cardinal) weights, w i , wi should be assigned specific values on a
relative scale, representing the relative importance of the goals given by the Decision Maker
(DM). The specific values of the weights can be obtained from the DM using Analytic Hierarchy




Process (AHP) or other approaches. Once w i , wi are specified, the problem reduces to a single
objective optimization problem. The drawback of this method is that the criteria value should be
scaled and cardinal weights are difficult to obtain.
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Under the preemptive priorities, different priority levels are assigned to the goals. Besides,
weights of goals can be set at the same priority level. In this case, the objective function of GP
model is reformulated as:
Minimize Z 

 P  (w


ix

x

x

d i  wix d i )

i

Where Px represent priority x and it is assumed that Px has a higher priority than Px 1 .

wix and

wix are the weights assigned to the ith deviational variable at the priority p. Note that the target
with lower priority cannot be considered without satisfying the target with higher priority. By this
way, the problem turns to a sequential single objective optimization process.
Using goal programming, the supplier selection and order allocation problem is formulated
as follows:
(a) Preemptive Goal Programming
 Objective Function:

Min Z  P1d1  P2 d 2  P3 d 3

(3.14)

Here P1 , P2 , P3 are the preemptive priorities assigned to each criterion. That is, goals with
a lower priority can only be considered after goals with higher priority are achieved. Since the
three objectives are to minimize, we are minimizing the positive deviations from the targets set
for cost, lead time and quality defects.
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 Goal Constraints:
(1) Cost Target
Based on the objective function of total cost given in Equation (3.1), the constraint to
satisfy the cost target is given by:

 S      p
T

n

t 1 j 1

m

j

jt

T

i 1 j 1 t 1

 C
m

+

n

n

T

i 1 j 1 t 1

ij

ij X ijt    hi I it 
m

T

i 1 t 1

X ijt   d1  d1  Cost Goal

(3.15)

(2) Lead time Target
Based on the objective function of total lead time given in Equation (3.3), the goal
constraint to satisfy the lead time target is given by:



t 1 
T

m

n

  L

ij

i 1 j 1


X ijt   d 3  d 3  Weighted Lead time Goal



(3.16)

The weighted lead time goal here is the weighted average lead time multiplied by total
demand of all parts during the planning horizon.
(3) Quality Target
Based on the objective function of total quality defects given in Equation (3.5), the goal
constraint to satisfy the quality defects target is given by:
 m


t 1  i 1
T

n

  q
j 1

ij


X ijt   d 3  d 3  Weighted Quality Goal



(3.17)

The weighted quality defects goal is the weighted average quality defects multiplied by
total demand of all parts during the planning horizon
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(4) Non-negativity Constraints

d1 , d1 , d 2 , d 2 , d 3 , d 3  0

(3.18)

Other constraints are shown as the real constraints including demand constraints, capacity
constraints and non-negativity and binary constraints, which are given in Equation (3.6) to (3.11).
(b) Non-preemptive Goal Programming
The objective values and goals are scaled by the Ideal Value Method so that the weights
can be applied to comparable metrics. The ideal value for cost refers to the total cost obtained by
simply minimizing the first objective, given in Equation (3.1), ignoring the second and third
objectives. Similarly, the ideal values for lead time and quality defects are obtained by
minimizing the second and third objectives, given in Equation (3.3) and (3.5), respectively. Let
Ideal1, Ideal2 and Ideal3 represent the ideal values for cost, lead time and quality defects,
respectively. The deviational variables in this model represent the amount by which the actual
values of the objectives are away from their targets values.
 Objective Function:

Min Z  w1d1  w2 d 2  w3 d 3

Here,

(3-19)

w1 , w2 , w3 are the non-preemptive weights assigned to each criterion.

 Goal Constraints:
(1) Cost Target

Cost Goal
Z1
 d1  d1 
Ideal1
Ideal1

(3-20)
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(2) Lead time Target

Lead T imeGoal
Z2
 d 2  d 2 
Ideal 2
Ideal2

(3-21)

Quality Goal
Z3
 d 3  d 3 
Ideal3
Ideal3

(3-22)

(3) Quality Target

(4) Non-negativity Constraints

d1 , d1 , d 2 , d 2 , d 3 , d 3  0
Other constraints are shown as the real constraints including demand constraints, capacity
constraints and non-negativity and binary constraints, which are given in Eq (3.6) to (3.11).
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Chapter 4
Illustrative Example and Analysis

4.1 Illustrative Example

The model presented in Chapter 3 is implemented with a numerical example in this chapter
to illustrate the application of the model and results. The specific goal of the model is to help
buyer select the most appropriate suppliers from a certain list of suppliers and to allocate orders
among the selected suppliers for two parts in a two-stage supply chain. Multiple criteria
optimization methods are implemented to drive the solution process.
4.1.1 Problem Description

A manufacturing company needs two key parts for manufacturing. Both parts are purchased
from outside suppliers. After reviewing the list of potential suppliers, the company has narrowed
down the choice to 3 suppliers. Their characteristics are listed in Tables 4-1 and 4-2. Supplier 1
provides lower price for both parts. But he delivers at a lower quality (higher defect rate) and
longer lead time compared with the other two suppliers. Supplier 2 has the shortest lead time for
both parts. However, he delivers at a relatively poor quality and somewhat higher price. Supplier
3 is the most expensive one but has the highest quality and a very short lead time. The company
wants to restrict the number of suppliers selected in each period to two so that the third supplier
can be used as a back-up supplier, when there is a supply disruption. Demands of the two parts
over the planning horizon are shown in Table 4-3.
The following specific values are used as inputs:
 2 parts: m=2, i={1, 2}
 3 suppliers: n=3, j={1, 2, 3}
 10 weeks: T=10, t={1, 2, …, 10}
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 N=2: maximum number of suppliers selected for each part in each week is 2.
The following assumed inputs are used in the illustrative example:
Table 4-1: Illustrative Example: Value of parameters related to suppliers and parts
Part

Supplier

Unit Price

Defect Rate (%)

Capacity

Lead Time

Shipping Cost

(i)
1

(j)
1

(pij)
$18

(qij)
4.0

(CAPij)
800

(Lij)
2 weeks

(Cij)
$1.6

1

2

$20

3.0

1000

1 week

$2.2

1

3

$24

1.0

600

2 weeks

$3.0

2

1

$32

9.0

500

3 weeks

$3.6

2

2

$35

6.0

400

1 week

$2.5

2

3

$40

2.0

300

1 week

$5.0

Table 4-2: Illustrative Example: Estimated Fixed Ordering Cost
Supplier
(j)
1
2
3

Fixed Ordering
Cost (Sj)
$1000
$1500
$800

Table 4-3: Illustrative Example: Forecast Demands
Demand (Dik)
Period
(Week)
1
2
3
4
5
6
7
8
9
10

Part 1

Part 2

320
390
469
349
468
415
430
454
368
438

230
272
246
278
252
342
262
287
286
338
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Inventory holding cost for part 1: h1 = $4.13/unit/week
Inventory holding cost for part 2: h2 = $7.13/unit/week
Initial inventory for part 1: I 1,0  600 units
Initial inventory for part 2: I 2,0  600 units
Final inventory for part 1: I 1,10  600 units
Final inventory for part 2: I 2,10  600 units
Minimum lead time for part 1:

t1* =1

Minimum lead time for part 2:

t 2* =1

Note: Some of the supplier data come from a case study discussed in Ravindran et al (2010) and
Ravindran and Warsing (2013), while the other data are created to make the three criteria
conflicting and the problem more realistic.
4.1.2 Mathematical Model

Decision Variables:

X ijt = Number of units of part i purchased from supplier j in week t.

 jt  0, 1 . When  jt  1 , there is an order placed to supplier j in week t, and 0, otherwise.
I it  inventory level of part i at the end of week t.
Objective Functions:
The three objective functions given in Eq (3.1), (3.3) and (3.5) in section 3.1.3 of Chapter 3
can be written as:
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1) Minimize the total cost over the planning horizon:
10

Min Z1=

 (1000

1t

 1500 2t  800 3t  18X 11t  20 X 12t  24 X 13t  32 X 21t  35X 22t  40 X 23t

t 1

 4.13 I1t  7.13I 2t  1.6 X 11t  2.2 X 12t  3.0 X 13t  3.6 X 21t  2.5 X 22t  5.0 X 23t )
2) Minimize the weighted average lead time over the planning horizon:
10

Min Z2 =

 2 X
t 1

11t

 X 12t  2 X 13t  3 X 21t  X 22t  X 23t 

3) Minimize the weighted average quality defect rate over the planning horizon:
10

Min Z3 =

 0.04X

11t

 0.03X 12t  0.01X 13t  0.09 X 21t  0.06 X 22t  0.02 X 23t 

t 1

Constraints:
Subject to the constraints Eq (3.6) – (3.11) mentioned in Section 3.1.4 of Chapter 3, the
constraints in this example can be written as:
Demand Constraints:
 For part 1:
For t=1: I1,1  D1,1  600
For t=2: I1,1  X 1, 2,,1  I1, 2  D1, 2
From t=3 to t=10: I1,t 1  X 1,1,t 2  X 1, 2,t 1  X 1,3,t 2  I1,t  D1,t
Note: I1,10  600
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 For part 2:
At t=1: I 2,1  D2,1  600
At t=2: I 2,1  X 2, 2,1  X 2,3,1  I 2, 2  D2, 2
At t=3: I 2, 2  X 2, 2, 2  X 2,3, 2  I 2,3  D2,3
At t=4 to t=10: I 2,t 1  X 2,1,t 3  X 2, 2,t 1  X 2,3,t 1  I 2,t  D2,t
Note: I 2,10  600

Capacity Constraints:
X ijt  CAPjt for all i=1, 2, 3, j=1, 2 and t=1,…,10

Maximum number of suppliers:
n


j 1

jt

2

Other constraints:

X ijt  0 and X ijt are integers for all i=1, 2, 3, j=1, 2 and t=1,…,10
I it  0 for all i=1, 2, 3, t=1,…,10

 jt  0,1
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4.2 Solution Procedure
4.2.1 Identifying Ideal Values

Ideal values of total cost, weighted average lead time and weighted average quality defect
rate are obtained by minimizing each of the objectives separately, ignoring the other objectives.
Lingo 9.0 is used to generate the mixed integer linear program and solve it. There are 106
variables (30 binary and 76 integers) and 89 constraints.


Minimize Objective 1 (Cost) while ignoring Objective 2 (Lead Time) and Objective 3
(Quality Defects):
The total cost over ten periods=$205,339
The weighted average lead time=2.2 weeks
The weighted average quality defect rate=5.74%
The ideal solution for objective 1- Ideal1=$205339

 Minimize Objective 2 ( Lead Time) while ignoring Objective 1 and Objective 3:
The total cost over ten periods=$250,592
The weighted average lead time=1.0 week
The weighted average quality defect rate=3.52%
The ideal solution for objective 2- Ideal2=6894
 Minimize Objective 3 ( Quality Defect) while ignoring Objective 1 and Objective 3:
The total cost over ten periods=$286,816
The weighted average lead time=1.58 weeks
The weighted average quality defect rate=1.49%
The ideal solution for objective 3- Ideal3=103
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4.2.2 Solutions by the Weighted Objective Method

We first solve the multi-criteria problem using the Weighted Objective Method. The
different weights used to solve this problem are given in Table 4.4. Note that the alternative 1, 2,
3 represent solutions with most of the weight given to cost, lead time and quality, respectively.
Alternative 4 is the equally weighted solution. Alternative 5, 6 and 7 represent solutions with
moderately more weight given to cost, lead time and quality, respectively. Weights in alternative
5, 6, and 7 are more evenly distributed than alternative 1, 2 and 3.
Table 4-4: Values of Weights used in the Weighted Objective Method
Alternative Number
1
2
3
4
5
6
7

w1
4/5
1/10
1/10
1/3
1/2
1/6
1/3

w2
1/10
4/5
1/10
1/3
1/3
1/2
1/6

w3
1/10
1/10
4/5
1/3
1/6
1/3
1/2

Simple scaling is utilized to scale the objectives and the scaled objectives are z i .
ci

ci

is the

score assigned to objective i. In this example, we use c1 =200,000 to scale objective 1, c 2 =6000
to scale objective 2,

c3 =200 to scale objective 3. For example, based on the Eq (3.13) the scaled

weighted objective function with equal weights is given as:
Min Z 

Z1
1
1 Z
1 Z
*
  2  * 3
3 200000 3 6000 3 200

Table 4.5 presents seven efficient points and their objective values with different sets of
weights. The objective values are expressed as the ratios of their ideal values. For example, the
total cost of alternative 4 is 119.96% of its ideal value of $205339. It can be observed from the
table that the alternative 3 with weight (0.1, 0.1, 0.8) is an efficient solution with the ideal value
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for quality defect rate. Note that other efficient points can be generated with different positive
weights assigned to each objective.
Table 4-5: Illustrative Example: Objective values with Weighted Objective Approach
Alternative
(w1 , w2 , w3 )
Number
1
(4/5,1/10,1/10)
2
(1/10,4/5,1/10)
3
(1/10,1/10,4/5)
4
(1/3,1/3,1/3)
5
(1/2,1/3,1/6)
6
(1/6,1/2,1/3)
7
(1/3,1/6,1/2)
Ideal Value

Objective 1
Total Cost
107.12%
120.06%
139.68%
119.96%
112.65%
124.27%
128.62%
$205339

Objective 2
Lead Time
120.39%
100.00%
157.89%
100.00%
100.00%
100.00%
154.90%
6984

Objective 3
Defect Rate
301.26%
196.10%
100.00%
196.33%
248.56%
189.33%
115.95%
103

350000
300000

Cost ($)

250000
200000
150000

Shipping Cost

100000

Purchasing Cost
Inventory Holding Cost

50000

Fixed Ordering Cost

0

Weights

Figure 4-1: Variation in Total Cost with change in weights by Weighted Objective Method
Figure 4.1 shows the variation in the total cost with the change in weights of three
objectives. It can be observed that when increasing the weight of total cost, the total cost may
either increase or decrease. When the weight of total cost increases from 1/10 to 1/3, the total cost
may even increase. But when the weight increases from 1/3 to 4/5, the total cost decreases
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obviously. The reason why sometimes the cost even increases when the weight of cost increases
is that there are three conflicting criteria and the change on weights of other criteria may impact
the total cost. In addition, from Figure 4.1, a majority of total cost comes from purchasing cost.
Thus, the price offered by each supplier can leave a great impact to the purchasing decisions
when cost is considered as the most important criterion.
Figure 4.2 and Figure 4.3 show the variation in weighted average lead time and weighted
average quality defect rate respectively with the change in the weights of the criteria. From Figure
4.2, it can be observed that when weight of lead time increases from 1/10 to 1/6, the weighted
average lead time increases. When the weight increases from 1/6 to 4/5, the weighted average
lead time decreases. From Figure 4.3, it can be observed that the weighted average quality defect

Weighted Average Lead Time (week)

rate decreases significantly with the increase in weight assigned to quality.

1.8
1.6
1.4
1.2
1
0.8
0.6
Weighted
Average
Lead Time

0.4
0.2
0

Weights

Figure 4-2: Variation in Weighted Average Lead Time with change in weights
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Weighted Average Quality Defect Rate

7.00%
6.00%
5.00%
4.00%
3.00%
2.00%
Quality
Defects

1.00%
0.00%

Weights

Figure 4-3: Variation in Weighted Average Quality Defect Rate with change in weights
4.2.3 Solution by Preemptive Goal Programming

Based on the introduction of Preemptive Goal Programming in Chapter 3 and formulation
presented in Eq (3.14) – (3.18), the objective function and goal constraints are given in Eq (4.1) –
(4.5).
Objective Function:

Min Z  P1d1  P2 d 2  P3 d 3

P1 , P2 , P3 are the priorities assigned to goals 1, 2, 3, respectively.
Here, we consider three cases:
(1) P1  P2  P3
(2) P2  P3  P1
(3) P3  P1  P2

(4.1)
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Obtaining Targets Values:
The upper and lower bounds on each of the objectives are listed in Table 4-6.
Table 4-6: Upper and Lower Bounds on the objectives
Lower Bound

Upper Bound

Total Cost

$205,339

$297,864

Lead Time

6984

15137

Quality Defect Rate

103

466

Table 4-6 helps the Decision Maker to set appropriate targets for the three objectives. Here,
we set the targets for Cost, Lead Time and Quality Defect Rate at 110% of their ideal values,
respectively.
 Target for Objective 1 (Cost): Target1=1.1* Ideal1=1.1* 205339=$225873
 Target for Objective 2 (Lead Time): Target2=1.1* Ideal2=1.1*6894 =7583


Target for Objective 3 (Quality Defect Rate): Target3=1.1* Ideal3= 1.1*103 =113

Goal Constraints:
(1) Cost Target

Z1  d1  d1  1.1* 205339  225873

(4.2)

Z 2  d 2  d 2  1.1* 6894  7583

(4.3)

Z 3  d 3  d 3  1.1*103  113

(4.4)

(2) Lead time Target

(3) Quality Target
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(4) Non-negativity Constraints

d1 , d1 , d 2 , d 2 , d 3 , d 3  0

(4.5)

Other Constraints:
Subject to the set of constraints Eq (3.6) – (3.11) mentioned in Chapter 3.
Results:
The objective values of solutions expressed as the ratio of their ideal values in three cases
are given in table 4-7. After running the model, we find out that in case 1, with the priority of
three criteria P1>>P2>>P3, target 1 and 2 can be achieved simultaneously while the target 3 cannot
be achieved after target 1 and 2 are reached. In case 2, with the priority of three criteria
P2>>P3>>P1, target 2 cannot be achieved after target 1 is reached. In case 3, with the priority of
three criteria P3>>P1>>P2, target 1 cannot be achieved after target 3 is reached.
Table 4-7: Illustrative Example: Objective values with Preemptive GP
Scenario

Objective 1
Total Cost

Objective 2
Lead Time

Objective 3
Defect Rate

P1>>P2>>P3

110.00%

110.00%

272.64%

P2>>P3>>P1

140.04%

110.00%

164.24%

P3>>P1>>P2

131.60%

157.89%

110.00%

4.2.4 Solution by Non-Preemptive Goal Programming

The goals of cost, weighted lead time and weighted quality defect rate are set to be 110% of
the ideal solution for each of the three objectives, respectively. Deviational variables are
normalized by scaling using ideal values. The objective function and goal constrains are given in
Eq (4.6) – (4.10).
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Objective Function:

Min Z  w1d1  w2 d 2  w3 d 3

(4.6)

There are several different sets of weights being considered here, which is shown in Table
4-8.
Goal Constraints:
(1) Cost Target

Z1
 d1  d1  1.1
205339

(4.7)

Z2
 d 2  d 2  1.1
6894

(4.8)

Z3
 d 2  d 2  1.1
103

(4.9)

d1 , d1 , d 2 , d 2 , d 3 , d 3  0

(4.10)

(2) Lead time Target

(3) Quality Target

(4) Non-negativity Constraints

Other Constraints:
Subject to the set of constraints Eq (3.6) – (3.11) mentioned in Chapter 3.
Results:
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The objective values of the efficient solutions expressed as the ratios of the ideal values
with four different sets of weights are given in Table 4-8. It can be observed from the results that
only one target in each alternative is achieved.
Table 4-8: Illustrative Example: Objective values with NPGP
Alternative
(w1 , w2 , w3 )
Number
1
(1/3,1/3,1/3)
2
(1/2,1/3,1/6)
3
(1/6,1/2,1/3)
4
(1/3,1/6,1/2)
Ideal Value

Objective 1
Total Cost
137.06%
120.82%
134.43%
131.06%
$205338.93

Objective 2
Lead Time
148.50%
110.00%
110.00%
155.86%
6984

Objective 3
Defect Rate
110.00%
180.99%
162.30%
110.00%
103

4.3 Analysis of Results
4.3.1 Comparison among the efficient solutions
The suppliers selected for each part during the ten weeks in the fourteen solutions, using
weighted objective and goal programming approaches, are given in Table 4-9. It can be observed
that supplier 2 and 3 are frequently selected. The reason is that supplier 2 maintains the shortest
lead time of all suppliers, while offering an average performance in the other two criteria. In
addition, supplier 2 has the highest capacity for part 1 and relatively high capacity for part 2.
Supplier 3 delivers the highest quality and relatively short lead time at the expense of high price
and shipping cost. Compared with supplier 2 and 3, supplier 1 offers the lowest price but at the
expense of very low quality. Also, supplier 1 has the longest lead time among all suppliers.
Therefore, supplier 2 and 3 are likely to be selected as long as cost is not the dominant criterion.
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Table 4-9: Illustrative Example: Suppliers selected for each alternative
Alternative
Number
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Approach

Weights

(4/5,1/10,1/10)
(1/10,4/5,1/10)
(1/10,1/10,4/5)
Weighted
Objective
(1/3,1/3,1/3)
Method
(1/2,1/3,1/6)
(1/6,1/2,1/3)
(1/3,1/6,1/2)
P1>>P2>>P3
Preemptive
Goal
P2>>P3>>P1
Programming
P3>>P1>>P2
(1/3,1/3,1/3)
NonPreemptive
(1/2,1/3,1/6)
Goal
(1/6,1/2,1/3)
Programming (1/3,1/6,1/2)

Suppliers selected during 10 weeks
Part 2
Part 1
Supplier 1, 2
Supplier 1, 2
Supplier 2, 3
Supplier 2
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2
Supplier 2, 3
Supplier 2
Supplier 2, 3
Supplier 2
Supplier 2, 3
Supplier 2, 3
Supplier 1, 2
Supplier 1, 2,
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3
Supplier 2, 3

The objective values, expressed as the ratios of their ideal values, of the 14 solutions are
listed in Table 4-10. All the solutions are efficient. Alternative 1 through 7 are efficient solutions
generated by the Weighted Objective Method. Alternative 8, 9 and 10 are generated by
Preemptive Goal Programming and Alternative11 through 14 are generated by Non-Preemptive
Goal Programming.
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Table 4-10: Illustrative Example: Objective values from all solutions
Alternative
Approach
Weights
Number
1
(4/5,1/10,1/10)
2
(1/10,4/5,1/10)
3
(1/10,1/10,4/5)
Weighted
Objective
4
(1/3,1/3,1/3)
Method
5
(1/2,1/3,1/6)
6
(1/6,1/2,1/3)
7
(1/3,1/6,1/2)
8
P1>>P2>>P3
Preemptive
Goal
9
P2>>P3>>P1
Programming
10
P3>>P1>>P2
11
(1/3,1/3,1/3)
Non12
Preemptive
(1/2,1/3,1/6)
Goal
13
(1/6,1/2,1/3)
Programming
14
(1/3,1/6,1/2)
Ideal Value

Objective 1
Total Cost
107.12%
120.06%
139.68%
119.96%
112.65%
124.27%
128.62%
110.00%
140.04%
131.60%
137.06%
120.82%
134.43%
131.06%
$205338.93

Objective 2
Lead Time
120.39%
100.00%
157.89%
100.00%
100.00%
100.00%
154.90%
110.00%
110.00%
157.89%
148.50%
110.01%
110.01%
155.86%
6984

Objective 3
Defect Rate
301.26%
196.10%
100.00%
196.33%
248.56%
189.33%
115.95%
272.64%
164.24%
110.00%
110.00%
180.99%
162.30%
110.00%
103

4.3.2 Value Path Approach

In order to help the Decision Maker (DM) choose a solution from the set of solutions
presented in Table 4-10, the value path approach (Schilling et al, 1983) is used to display the
performance of the different solutions visually.
Value Path Approach is an efficient way to visualize and compare among different
solutions with conflicting criteria. It displays the performance of each solution for the different
criteria, on parallel scales, one for each criterion. The Value Path method is an effective way to
demonstrate the trade-offs among the conflicting criteria. Some properties of this approach are
given by Shilling et al (1983):
 If the value paths corresponding to two alternatives A and B intersect, then neither alternative
is dominated by the other.
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 If more than two value paths intersect, then their associated points in the objective space are
collinear.
 If two paths do not intersect, then one path must lie entirely above the other and is therefore
inferior, if the objective is to minimize.
According to the scaled objectives for the fourteen solutions, we plot the data with Value
Path Approach to visualize and compare solutions, as shown in Figure 4.4. The fourteen solutions
are all non-dominated since their lines intersect with one another. To better illustrate the trade-off
among the different alternatives, we take alternative 1 and 3 as an example. For alternative 1, the
total cost is 107.12% of its ideal value. The weighted lead time is 120.39% of its ideal value. And
the weighted quality defect rate is 301.26% of its ideal value. For alternative 3, the total cost is
139.68% of its ideal value. The weighted lead time is 157.89% of its ideal value and the weighted
quality defect rate is 100.00% of its ideal value. Although alternative 1 is superior to alternative 3
with respect to total cost and weighted lead time, it has a higher quality defect rate than that of
alternative 3. In Figure 4.4, the dots representing total cost and weighted lead time for alternative
1 are above the dots correspondingly for alternative 3. However, the dot representing quality
defect rate for alternative 1 is below the dot correspondingly for alternative 3, which lead to an
intersection of these two line segments.
Note that there are many other efficient solutions which are not generated here. The final
decision will be made by the decision maker who will select the best alternative from the set of
available efficient solutions.
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350.00%

300.00%
1. Weight (4/5,1/10,1/10)
2. Weight (1/0,4/5,1/10)
3. Weight (1/10,1/10,4/5)

250.00%

4. Equally Weighted
5. Weight (1/2,1/3,1/6)
6. Weight (1/6,1/2,1/3)
7. Weight (1/3,1/6,1/2)

200.00%

8. P1>>P2>>P3
9. P2>>P3>>P1
10. P3>>P1>>P2
150.00%

11. NPGP with equal weights
12. NPGP with (1/2,1/3,1/6)
13. NPGP with (1/6,1/2,1/3)
14. NPGP with (1/3,1/6,1/2)

100.00%

50.00%
Total Cost

Lead Time

Defect Rate

Figure 4-4: Value path approach schematics
4.3.3 Implementing Rolling Horizon Approach
In practice, the demand forecast over the planning horizon may be updated periodically
with a Rolling Horizon Approach. Thus, the model solution should also be implemented with
rolling horizon so that the optimal policy reacts quickly to the change in the demand forecasts as
well as any possible delivery delays. With Rolling Horizon Approach, decisions of supplier
selection and order allocation are periodically made and evaluated based on the latest demand
forecasts, expected deliveries and initial inventory levels.
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Table 4-11: Illustrative Example: Purchasing plan for alternative 1
Week
1
2
3
4
5
6
7
8
9
10

Part 1
Supplier 1
0
0
0
0
0
0
406
0
0
0

Supplier 2
110
469
349
468
415
430
454
0
1000
0

Supplier 3
0
0
0
0
0
0
0
0
0
0

Inventory
280
0
0
0
0
0
0
0
38
600

Part 2
Week
1
2
3
4
5
6
7
8
9

Supplier 1
0
0
0
0
0
0
500
0
0

Supplier 2
0
148
278
252
342
262
287
324
400

Supplier 3
0
0
0
0
0
0
0
0
0

Inventory
370
246
0
0
0
0
0
0
38

10

0

0

0

600

To illustrate how to implement the rolling horizon approach, we take the solution using
Weighted Objective Method with weight (0.8, 0.1, 0.1) in Table 4.10 as an example. This is the
alternative with most of the weight given to cost. The associated purchasing plan is given in
Table 4.11. Instead of implementing the purchasing plan for the entire ten weeks, we only
implement the plan for week 1, which is to purchase 110 units of part 1 from supplier 2 and place
no order for part 2. After updating the demand forecast from weeks 2 to 11, we will run the model
again with the initial inventory of part 1 and 2 changed to be 280 unit and 370 units respectively,
according inventory at the end of week 1. Besides, the order for part 1 placed in week 1 will be
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received at the beginning of week 2. The purchasing plan generated from second run will be
implemented for week 2. By this way, the best solutions for each period can be implemented with
the most updated information.
4.4 Sensitivity Analysis

The total cost is comprised of purchasing cost, inventory holding cost, fixed ordering cost
and shipping cost. Purchasing cost is considered as value added cost while the other three types of
cost are considered as non-value added cost. The value added cost is the part of price and order
quantity, which represents the value of parts. While the non-value added cost does not contribute
to the value of parts and therefore should be eliminated if possible. Thus, instead of reducing the
total cost at the expense of low quality, we may consider reducing more non-value added cost.
The sensitivity analysis is aimed at exploring the impact of changing the weights assigned
to value added and non-value added cost on the total cost, weighted lead time and weighted
quality defect rate using the Weighted Objective Method when cost is the most important
criterion. The weighted objective function in Eq (3. 12) is changed to be:
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With simple scaling method, the objective function in Eq (3.13) is changed to be:
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(4-12)

w11 represents the weight assigned to value added cost and w12 represents the weight

assigned to non-value added cost. c11 is the score used to scale value added cost while the c12 is
the score used to scale non-value added cost.
Here, we use c11  150000to scale the value added cost and c12  30000to scale the nonvalue added cost.

c 2 and c3 remain the same as before. The variations of total cost, weighted

lead time and weighted quality defect rate with the changes to weights of value added and nonvalue added cost are given in Table 4-12, with the weights of three objectives being
(w1 , w2 , w3 )  (0.8 ,0.1 ,0.1) Note that the objective values are expressed as the ratio of their ideal

values as before.
Table 4-12: Variation of objectives with the change of weights in value added and non-value
added cost
Weights
(w11, w12)

Value added
cost

Non-value
added cost

Total Cost

Lead Time

Quality
Defect Rate

(1, 0)
(0.8, 0.2)
0.6, 0.4)
(0.4, 0.6)
(0.2, 0.8)
(0, 1)
Ideal Value

101.95%

100.00%

100.55%

208.51%

377.34%

104.65%
108.30%
109.36%
109.36%
101.95%

106.35%
107.80%
108.10%
108.10%
100.00%

103.92%
107.12%
108.02%
108.02%
100.55%

170.10%
120.39%
120.39%
120.39%
208.51%

343.00%
301.26%
288.48%
288.48%
377.34%

163858

39419

205339

6894

103

It can be observed from Table 4-12 that as we increase the weight assigned to non-value
added cost, the value added cost and non-value added cost change slightly. However, both
weighted lead time and weighted quality defect rate decrease significantly, when weight assigned
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to non-value added cost is less than or equal to 0.8. Figure 4.5 compares the impact of adding
weight to non-value added cost on the total cost, weighted lead time and quality defect rate.

400.00%
350.00%

Objective values

300.00%
Value added cost

250.00%

Non-value added cost
200.00%

Total Cost
Lead Time

150.00%

Quality Defect Rate
100.00%
50.00%
0.00%
0

0.2

0.4

0.6

0.8

1

Weight

Figure 4-5: Variation in objectives with change in weight of non-value added cost

From Figure 4.5, we can conclude that by changing the weight of non-value added cost,
we can find some solutions that deliver a distinct decrease in weighted lead time and weighted
quality defect rate with only a slight increase in total cost.
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Chapter 5
Conclusion and Future Work

5.1 Conclusion
In this research, a multi-criteria multi-period supplier selection and order allocation
problem under multiple sourcing strategy is considered. The problem is formulated as a multiobjective mixed integer linear programming model. The three objectives being considered are
total cost, weighted average lead time and weighted average quality defect rate. The model is
solved with two approaches: Weighted Objective Method and Goal Programming.
A numerical example with realistic data is given to illustrate the application of the model
and results. The decision of supplier selection and order allocation is made among three suppliers
for two parts in ten periods. The first stage of running the model is to identify the ideal solution
for each single objective by ignoring the other objectives. Then the problem is solved first by the
Weighted Objective Method with seven different weights assigned to the three objectives to study
their impacts on the solutions. Simple Scaling Method is utilized to scale the objectives. Seven
different efficient solutions are generated and analyzed. Next, Preemptive and Non-Preemptive
Goal Programming models are used to solve the problem. Three different priorities for the three
goals are considered under Preemptive Goal programming. Targets are set at 110% of their ideal
values, respectively. It is observed that no more than two targets can be achieved at the same time
in each case. Four different sets of weights are assigned to the three goals to compare the
solutions under Non-Preemptive Goal Programming approach. It is observed that only one target
can be met in each case.
There are 14 different efficient solutions generated, using the Weighted Objective and Goal
Programming approach. Value Path Approach is then utilized to display the trade-off and
compare the different solutions visually. It is recommended that the model should be
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implemented in a rolling horizon to react quickly to the change in demand forecasts as well as
any possible delivery delays. A sensitivity analysis is done by assigning different weights to the
value added and non-value added cost. It was observed that by increasing the weight of the nonvalue added cost from 0 to 0.8, both lead time and quality defect rate decreased significantly.
When increasing the weight from 0.8 to 1, both lead time and quality defect rate increased
significantly. However, the total cost only presented a slight change when increasing the weight
from 0 to 1. Thus, we could find solutions that can deliver better lead time and quality, with only
a slight increase in total cost.

5.2 Future Scope

The following can be considered as the some future research elements:
 The forecasted demand in this model is given without consideration of demand
uncertainty. Instead, we can develop various demand scenarios and analyze the
decisions for all cases.
 The risk existing in supplying and shipping process, such as shortage and shipping
delay, should be evaluated and considered as another important criterion when
selecting suppliers and allocating orders among them.
 The model developed here can be extended to include price discount and multiple
transportation alternatives. When using different transportation modes, both shipping
cost and lead time can be varied.
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APPENDIX
LINGO code for finding Ideal Solution:
!Multi-objective MIP;
MODEL:
SETS:
PRODUCT/1 2/:HIC,InitialInv,FinalInv;
SUPPLIER/1..3/:FOC;
WEEK/1..10/;
PROSU(PRODUCT,SUPPLIER):PRICE,QUALITY,CAPACITY,LEADTIME,DLC;
PROWE(PRODUCT,WEEK):DEMAND,INVENTORY;
PROSUWE(PRODUCT,SUPPLIER,WEEK):PURCHASE;
SUWE(SUPPLIER,WEEK):ORDER;
ENDSETS
!Formulation;
!Total cost objective function;
[totalcost]min=@sum(prosuwe(i,j,t):(purchase(i,j,t)*price(i,j)))+@sum(p
rosuwe(i,j,t):(purchase(i,j,t)*dlc(i,j)))
+@sum(suwe(j,t):(order(j,t)*foc(j)))+@sum(prowe(i,t):(inventory(i,t)*hi
c(i)));
!Weighted average lead time objective function;
![averageleadtime]min=@sum(prosuwe(i,j,t):(purchase(i,j,t)*leadtime(i,j
)));
!Weighted average quality defect rate objective function;
![averagequalitydefect]min=@sum(prosuwe(i,j,t):(purchase(i,j,t)*quality
(i,j)));
!Demand Constraint;
!For period 1;
@for(product(i):inventory(i,1)=initialinv(i)-demand(i,1));
!For period 2;
inventory(1,2)=inventory(1,1)-demand(1,2)+purchase(1,2,1);
inventory(2,2)=inventory(2,1)demand(2,2)+purchase(2,2,1)+purchase(2,3,1);
!For product 2 and period 3;
inventory(2,3)=inventory(2,2)demand(2,3)+purchase(2,2,2)+purchase(2,3,2);
!For product 1 and period 3 to period 9;
@for(week(t)|t #GE# 3 #and# t #LE# 9: inventory(1,t)=inventory(1,t-1)demand(1,t)+purchase(1,1,t-2)+purchase(1,2,t-1)+purchase(1,3,t-2));
!For product 2 and period 4 to period 9;
@for(week(t)|t #GE# 4 #and# t #LE# 9: inventory(2,t)=inventory(2,t-1)demand(2,t)+purchase(2,1,t-3)+purchase(2,2,t-1)+purchase(2,3,t-1));
!For period 10;
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inventory(1,9)demand(1,10)+purchase(1,1,8)+purchase(1,2,9)+purchase(1,3,8)=finalinv(1
);
inventory(2,9)demand(2,10)+purchase(2,1,7)+purchase(2,2,9)+purchase(2,3,9)=finalinv(2
);
@for(product(i):inventory(i,10)=finalinv(i));
!Capacity Constraint;
@for(prosuwe(i,j,t):purchase(i,j,t)<=capacity(i,j)*order(j,t));
!Maximum number of suppliers constraint;
@for(week(t):@sum(supplier(j):order(j,t))<=2);
!Integer constraint;
@for(PROSUWE(i,j,t):@Gin(purchase(i,j,t)));
!Binary constraint;
@for(suwe(j,t):@Bin(order(j,t)));
!Data set;
DATA:
PRICE=18,20,24,
32,35,40;
QUALITY=0.04,0.03,0.01,
0.09,0.06,0.02;
CAPACITY=800,1000,600,
500,400,300;
LEADTIME=2,1,2,
3,1,1;
DLC=1.6,2.2,3,
3.6,2.5,5;
HIC=4.13,7.13;
!FOC=100,150,160;
FOC=1000,1500,800;
DEMAND=320,390,469,349,468,415,430,454,368,438,
230,272,246,278,252,342,262,287,286,338;
INITIALINV=600,600;
FINALINV=600,600;
ENDDATA
END
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LINGO code for Weighted Objective Approach
!Weighted Objective Method;
MODEL:
SETS:
PRODUCT/1 2/:HIC,InitialInv,FinalInv;
SUPPLIER/1..3/:FOC;
WEEK/1..10/;
CRITERIA/1..3/;
PROSU(PRODUCT,SUPPLIER):PRICE,QUALITY,CAPACITY,LEADTIME,DLC;
PROWE(PRODUCT,WEEK):DEMAND,INVENTORY;
PROSUWE(PRODUCT,SUPPLIER,WEEK):PURCHASE;
SUWE(SUPPLIER,WEEK):ORDER;
WEIGHT(CRITERIA):W;
ENDSETS
!Formulation;
!Weighted Objective ;
[WeightedObjective]min=@sum(prosuwe(i,j,t):(purchase(i,j,t)*price(i,j))
)+@sum(prosuwe(i,j,t):(purchase(i,j,t)*dlc(i,j)))
+@sum(suwe(j,t):(order(j,t)*foc(j)))+@sum(prowe(i,t):(inventory(i,t)*hi
c(i)))*w(1)/200000+@sum(prosuwe(i,j,t):(purchase(i,j,t)*leadtime(i,j)))
*w(2)/6000+@sum(prosuwe(i,j,t):(purchase(i,j,t)*quality(i,j)))*w(3)/100
;
!Demand Constraint;
!For period 1;
@for(product(i):inventory(i,1)=initialinv(i)-demand(i,1));
!For period 2;
inventory(1,2)=inventory(1,1)-demand(1,2)+purchase(1,2,1);
inventory(2,2)=inventory(2,1)demand(2,2)+purchase(2,2,1)+purchase(2,3,1);
!For product 2 and period 3;
inventory(2,3)=inventory(2,2)demand(2,3)+purchase(2,2,2)+purchase(2,3,2);
!For product 1 and period 3 to period 9;
@for(week(t)|t #GE# 3 #and# t #LE# 9: inventory(1,t)=inventory(1,t-1)demand(1,t)+purchase(1,1,t-2)+purchase(1,2,t-1)+purchase(1,3,t-2));
!For product 2 and period 4 to period 9;
@for(week(t)|t #GE# 4 #and# t #LE# 9: inventory(2,t)=inventory(2,t-1)demand(2,t)+purchase(2,1,t-3)+purchase(2,2,t-1)+purchase(2,3,t-1));
!For period 10;
inventory(1,9)demand(1,10)+purchase(1,1,8)+purchase(1,2,9)+purchase(1,3,8)=finalinv(1
);
inventory(2,9)demand(2,10)+purchase(2,1,7)+purchase(2,2,9)+purchase(2,3,9)=finalinv(2
);
@for(product(i):inventory(i,10)=finalinv(i));
!Capacity Constraint;
@for(prosuwe(i,j,t):purchase(i,j,t)<=capacity(i,j)*order(j,t));
!Maximum number of suppliers constraint;
@for(week(t):@sum(supplier(j):order(j,t))<=2);
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!Integer constraint;
@for(PROSUWE(i,j,t):@Gin(purchase(i,j,t)));
!Binary constraint;
@for(suwe(j,t):@Bin(order(j,t)));
w(1)=1/3;
w(2)=1/3;
w(3)=1/3;
!w(1)=1/2;
!w(2)=1/3;
!w(3)=1/6;
!w(1)=1/6;
!w(2)=1/2;
!w(3)=1/3;
!w(1)=1/3;
!w(2)=1/6;
!w(3)=1/2;
!Data set;
DATA:
PRICE=18,20,24,
32,35,40;
QUALITY=0.04,0.03,0.01,
0.09,0.06,0.02;
CAPACITY=800,1000,600,
500,400,300;
LEADTIME=2,1,2,
3,1,1;
DLC=1.6,2.2,3,
3.6,2.5,5;
HIC=4.13,7.13;
!FOC=100,150,160;
FOC=1000,1500,800;
DEMAND=320,390,469,349,468,415,430,454,368,438,
230,272,246,278,252,342,262,287,286,338;
INITIALINV=600,600;
FINALINV=600,600;
ENDDATA
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LINGO code for Preemptive Goal Programming
!Preemptive GP;
MODEL:
SETS:
PRODUCT/1 2/:HIC,InitialInv,FinalInv;
SUPPLIER/1..3/:FOC;
WEEK/1..10/;
DEV/1..2/;
OBJ/1..3/;
PROSU(PRODUCT,SUPPLIER):PRICE,QUALITY,CAPACITY,LEADTIME,DLC;
PROWE(PRODUCT,WEEK):DEMAND,INVENTORY;
PROSUWE(PRODUCT,SUPPLIER,WEEK):PURCHASE;
SUWE(SUPPLIER,WEEK):ORDER;
DEOB(OBJ,DEV):d;
ENDSETS
!Formulation;
!Totalcost deviation;
![costdeviation]min=d(1,2);
!Weighted average lead time deviation;
![leadtimedeviation]min=d(2,2);
!Weighted average quality defect rate deviation;
[qualitydefectdeviation]min=d(3,2);
!Demand Constraint;
!For period 1;
@for(product(i):inventory(i,1)=initialinv(i)-demand(i,1));
!For period 2;
inventory(1,2)=inventory(1,1)-demand(1,2)+purchase(1,2,1);
inventory(2,2)=inventory(2,1)demand(2,2)+purchase(2,2,1)+purchase(2,3,1);
!For product 2 and period 3;
inventory(2,3)=inventory(2,2)demand(2,3)+purchase(2,2,2)+purchase(2,3,2);
!For product 1 and period 3 to period 9;
@for(week(t)|t #GE# 3 #and# t #LE# 9: inventory(1,t)=inventory(1,t-1)demand(1,t)+purchase(1,1,t-2)+purchase(1,2,t-1)+purchase(1,3,t-2));
!For product 2 and period 4 to period 9;
@for(week(t)|t #GE# 4 #and# t #LE# 9: inventory(2,t)=inventory(2,t-1)demand(2,t)+purchase(2,1,t-3)+purchase(2,2,t-1)+purchase(2,3,t-1));
!For period 10;
inventory(1,9)demand(1,10)+purchase(1,1,8)+purchase(1,2,9)+purchase(1,3,8)=finalinv(1
);
inventory(2,9)demand(2,10)+purchase(2,1,7)+purchase(2,2,9)+purchase(2,3,9)=finalinv(2
);
@for(product(i):inventory(i,10)=finalinv(i));
!Capacity Constraint;
@for(prosuwe(i,j,t):purchase(i,j,t)<=capacity(i,j)*order(j,t));
!Maximum number of suppliers constraint;
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@for(week(t):@sum(supplier(j):order(j,t))<=2);
!Integer constraint;
@for(PROSUWE(i,j,t):@Gin(purchase(i,j,t)));
!Binary constraint;
@for(suwe(j,t):@Bin(order(j,t)));
!Integer constraint;
@for(prosuwe(i,j,t):@Gin(purchase(i,j,t)));
!Goal constraint;
@sum(prosuwe(i,j,t):(purchase(i,j,t)*price(i,j)))+@sum(prosuwe(i,j,t):(
purchase(i,j,t)*dlc(i,j)))
+@sum(suwe(j,t):(order(j,t)*foc(j)))+@sum(prowe(i,t):(inventory(i,t)*hi
c(i)))+d(1,1)-d(1,2)=225872.8;
@sum(prosuwe(i,j,t):(purchase(i,j,t)*leadtime(i,j)))+d(2,1)d(2,2)=7584.3;
@sum(prosuwe(i,j,t):(purchase(i,j,t)*quality(i,j)))+d(3,1)d(3,2)=113.07;
d(1,2)=0;
d(2,2)=0;
!d(3,2)=0;
!Data set;
DATA:
PRICE=18,20,24,
32,35,40;
QUALITY=0.04,0.03,0.01,
0.09,0.06,0.02;
CAPACITY=800,1000,600,
500,400,300;
LEADTIME=2,1,2,
3,1,1;
DLC=1.6,2.2,3,
3.6,2.5,5;
HIC=4.13,7.13;
FOC=1000,1500,800;
DEMAND=320,390,469,349,468,415,430,454,368,438,
230,272,246,278,252,342,262,287,286,338;
INITIALINV=600,600;
FINALINV=600,600;
ENDDATA
END
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LINGO code for Non-Preemptive Goal Programming
!Non-Preemptive GP;
MODEL:
SETS:
PRODUCT/1 2/:HIC,InitialInv,FinalInv;
SUPPLIER/1..3/:FOC;
WEEK/1..10/;
DEV/1..2/;
OBJ/1..3/;
PROSU(PRODUCT,SUPPLIER):PRICE,QUALITY,CAPACITY,LEADTIME,DLC;
PROWE(PRODUCT,WEEK):DEMAND,INVENTORY;
PROSUWE(PRODUCT,SUPPLIER,WEEK):PURCHASE;
SUWE(SUPPLIER,WEEK):ORDER;
DEOB(OBJ,DEV):d;
ENDSETS
!Formulation;
!Objective;
min=d(1,2)/3+d(2,2)/3+d(3,2)/3;
!Demand Constraint;
!For period 1;
@for(product(i):inventory(i,1)=initialinv(i)-demand(i,1));
!For period 2;
inventory(1,2)=inventory(1,1)-demand(1,2)+purchase(1,2,1);
inventory(2,2)=inventory(2,1)demand(2,2)+purchase(2,2,1)+purchase(2,3,1);
!For product 2 and period 3;
inventory(2,3)=inventory(2,2)demand(2,3)+purchase(2,2,2)+purchase(2,3,2);
!For product 1 and period 3 to period 9;
@for(week(t)|t #GE# 3 #and# t #LE# 9: inventory(1,t)=inventory(1,t-1)demand(1,t)+purchase(1,1,t-2)+purchase(1,2,t-1)+purchase(1,3,t-2));
!For product 2 and period 4 to period 9;
@for(week(t)|t #GE# 4 #and# t #LE# 9: inventory(2,t)=inventory(2,t-1)demand(2,t)+purchase(2,1,t-3)+purchase(2,2,t-1)+purchase(2,3,t-1));
!For period 10;
inventory(1,9)demand(1,10)+purchase(1,1,8)+purchase(1,2,9)+purchase(1,3,8)=finalinv(1
);
inventory(2,9)demand(2,10)+purchase(2,1,7)+purchase(2,2,9)+purchase(2,3,9)=finalinv(2
);
@for(product(i):inventory(i,10)=finalinv(i));
!Capacity Constraint;
@for(prosuwe(i,j,t):purchase(i,j,t)<=capacity(i,j)*order(j,t));
!Maximum number of suppliers constraint;
@for(week(t):@sum(supplier(j):order(j,t))<=2);
!Binary constraint;
@for(suwe(j,t):@Bin(order(j,t)));
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!Integer constraint;
@for(prosuwe(i,j,t):@Gin(purchase(i,j,t)));
!Goal constraint;
(@sum(prosuwe(i,j,t):(purchase(i,j,t)*price(i,j)))+@sum(prosuwe(i,j,t):
(purchase(i,j,t)*dlc(i,j)))
+@sum(suwe(j,t):(order(j,t)*foc(j)))+@sum(prowe(i,t):(inventory(i,t)*hi
c(i))))/205338.93+d(1,1)-d(1,2)=1.1;
@sum(prosuwe(i,j,t):(purchase(i,j,t)*leadtime(i,j)))/6984+d(2,1)d(2,2)=1.1;
@sum(prosuwe(i,j,t):(purchase(i,j,t)*quality(i,j)))/103+d(3,1)d(3,2)=1.1;

!Data set;
DATA:
PRICE=18,20,24,
32,35,40;
QUALITY=0.04,0.03,0.01,
0.09,0.06,0.02;
CAPACITY=800,1000,600,
500,400,300;
LEADTIME=2,1,2,
3,1,1;
DLC=1.6,2.2,3,
3.6,2.5,5;
HIC=4.13,7.13;
FOC=1000,1500,800;
DEMAND=320,390,469,349,468,415,430,454,368,438,
230,272,246,278,252,342,262,287,286,338;
INITIALINV=600,600;
FINALINV=600,600;
ENDDATA
END

