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ABSTRACT

In this thesis, we study the scrap processing problem under the Just-In-Time
setting. We establish a kind of developing model system to handle the scrap
rate data under different situations through the analysis about the stochastic
properties of the data for the MS/MP/DP case.

For the truncated quality data, we adopt the Gaussian-Poisson Mixed
Model; for the censored quality data, we adopt the Proportional Haz-
ard Regression Model; and for the complete quality data, we adopt the
Log-Linear Regression Model. Based on these models, we derive a simple

Linear Programming algorithm for the optimal order quantity.

Further, we use a case study about a typical manufacturing company to illus-
trate the convenience and the flexibility of the developing model system from
both technical and managerial aspects. Finally, we discuss the implementa-
tion of the developing model system through the design of an Automatic Order

Generating System under the Enterprise Resources Planning environment.
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Chapter 1

Introduction

1.1 Background

In the manufacturing industry, customer’s requirements have always been the
driver for the competition, and the quality is the only answer for the com-
petition. Under the Quality Control(QC) arena, scrap processing has always
been the critical topic. Even under the modern manufacturing environment,
with the most advanced technology, reducing scraps is, unfortunately, still a
target for the quality control system. Generally speaking, the happening of
the scraps will at least affect two aspects of the manufacturing system: the
demand from the supplier, and the delivery time to the customer. Under the
Just-In-Time(JIT) manufacturing environment, with non-redundant inventory

and zero-defect objective, the scrap processing becomes especially important.

The critical point for the scrap processing is, hence, the decision making under
uncertainty. And the situation becomes more complex when the happening
of the scraps is random during various stages under the manufacturing pro-
cess and depends on some unpredictable latent factors. The attempt of using
statistical models seems to be a kind of reasonable approach to transfer the un-
certainty into limited certainty. But, the drawback of this approach is: while
most models can provide beautiful theoretical results under related assump-

tions, only a few of them can be applied to the practice due to the difficulty



of finding solutions after the collapse of the assumptions.

1.2 Motivation

Consider a kind of typical mechanical production process under the JIT set-
ting, say, pump manufacturing. To make things a little bit simpler, assume
that there is only one customer, with orders for batches of customized pumps
from time to time. Also suppose that there are several available suppliers
as well as an internal casting plant within the company to provide the pump
bodies. The quality and the price of the pump bodies from different suppliers
are different. Furthermore, due to the property of the casting material and
the limits from the manufacturing technique, the scraps can be found at any
stage before delivery and the reworking is impossible. As a manger of the

company, of course, you will face the following questions:

1. Vendor selection: What should be the optimal evaluation criteria?

2. Order quantity: How many pump bodies should be ordered to promise

the on-time delivery for the customer order with minimal costs?

3. Out-sourcing strategy: Which option will be better concerning the sup-

ply of the required pump bodies, out-processing or self-manufacturing?

The answers for those questions may be more difficult at the strategy level
than at the tactical level. Yet, quantitative and qualitative analysis based on

suitable statistical models will surely help understand the problems.

1.3 Objectives

As directed by the topic and the motivation, the major objective of this thesis
is to derive optimal stochastic models for the scrap processing problem under

JIT based on detail analysis from both managerial and statistical aspects.



Though the qualitative analysis related to the management issues is important
and interesting to the topic, the focus will be on the quantitative analysis of
the models under the scope. As we hope, the results of the thesis can provide

some useful information for the following management activities:

1. Continuous quality improvement through time series analysis of the scrap

within the integrated supply chain.

2. Establishment of a dynamic supplier evaluation system based on the

scrap related performance.
3. Optimal order quantity combination that minimizes the related costs.

4. Out-sourcing strategy for the supply of the critical manufacturing com-

ponents.

1.4 Examples

To illustrate the importance of the decision making originated from the scrap
processing, and to facilitate the following discussion, we provide here with two

examples related to the topic for the readers as a kind of rehearsal.

Example 1.1. Vendor Selection/Optimal Ordering Quantity

Consider the following scenario: You just received a customer order of 100
pumps. You are required to deliver the products in three months, which is
the exact manufacturing lead-time. There are two available suppliers with the
same price for pump bodies, say, 50 dollars. Further, you have the historical
data about the scrap rates for those suppliers as well as the cost structure for
the product series. There are five major stages under the production process,
stage four uses a Numerical Control Center operated by a specialist, hence has
relatively higher cost allocation. Detailed data are illustrated as the follows:
(suppose that both suppliers have the capacity of producing over 100 pump
bodies.)



Operation Stage 1 2 3 4 5 | Overall
Cost Structure(in Dollars) | 10 | 110 | 120 | 230 | 240 | 240
Scrap Rate(Vendor #1) 1% (4% [ 2% [ 1% | O 8%
Scrap Rate(Vendor #2) 1% | 1% | 2% | 3% | 0 %

Table 1.1: Cost Structure and Scrap Rate

Simple calculation shows:
e If choose vendor #1:

~ Order quantity = 108, Overall manufacturing cost = 30320.
e If choose vendor #2:

— Order quantity = 107, Overall manufacturing cost = 30400.

Conclusion: the optimal order quantity is not the minimal order quantity.
Here, one can see that the optimal solution depends on both the cost structure

and the scrap rate.
e Based on order quantity, choose vendor #2.

¢ Based on overall manufacturing cost, choose vendor #1.

Example 1.2. Out-sourcing Strategy

As the General Manager of this pump company, now suppose that you are
facing another paradox. There is an internal casting plant within the company.
The function of this plant is to provide high-quality pump bodies for the
company. There are no competitive advantages to the external suppliers except
the control of the quality. The reason that the company maintains this plant is
that sometimes there are big pump project with tight delivery time. Therefore,
you can’t afford the risk of losing important customer, but ordering pump

bodies from the external supplier may not satisfy your requirements for the



delivery time or quality. In a special case, for a big pump product, you can
use the internal casting plant to produce one pump body for the pump but
has to order two pump bodies to promise the quality of the big pump. So,
if you have to use the external supplier, you may finish the project but lose
money. The optimal solution for this paradox is more complex with qualitative
and quantitative analysis. One option is adopting the out-sourcing strategy.
The scraps processing model, along with the analysis of the product structure,
can help you choose the right partner and find the break-even point for the

decision.

1.5 Structure

Although the scrap processing is an important topic in the QC area, most
articles discussed the inventory models for the optimal order quantity based
on undetermined demand from the market, see Erlebacher(1999), Hadley and
Whitin(1963) and Lau and Lau(1996). Further, the articles of Dunsmore and
Wright(1985), Wetherill and Chiu(1975) and Guenther(1977) focused on the
optimal sampling plan for the scrap. To the best of our knowledge, there is
no article discussing the statistical analysis of the optimal scrap processing
problem under the JIT setting. This thesis will use the widely used statistical
and Operational Research(OR) methods to address the solutions. The struc-
ture of the thesis is as follows: In chapter 2, we will review the management
issues related to the scrap processing problem and generalize the problem. In
chapter 3, we will review the related statistical and OR methods that will be
used in the modeling and analysis. In chapter 4, we will use the results from
chapter 2 and chapter 3 to derive the optimal model in detail. In chapter 5, we
will process the simulation study for the derived models on a case study and
discuss some numerical examples. Finally, in chapter 6, we will summarize
the analysis, discuss about the design and implementation of the related QC

systems and point out the direction for further research on this topic.



Chapter 2

Process Description

2.1 Related Management Concepts

2.1.1 Quality Control Systems

From early inspection, to QC, to Total Quality Management(TQM), quality
control systems have become an integrated part of any manufacturing system.
The design of the quality control system needs to consider various important

issues, including:
1. Criteria to evaluate performance.

2. Procedure to implement the measuring system.

w

. Quality objectives.
4. Implementation and controlling.

5. Continuous Improvement.

Obviously, the successful operation of the quality control system depends on
sophisticated information system as well as advanced quantitative analysis

tools.



Quality objectives represent the philosophy of a company. Those objectives
may be different from one company to another in quantities but are always

similar in contents. In most cases, quality objectives include:

1. Reduce wastes, like scraps, reworks or returns from the customer.

[\]

. Maintain the desired degree of uniform to product design.
3. Maintain the consistency of quality in product or service output.

4. Improve the quality of the materials from the supplier.

o

. Optimize the inspection procedure to minimize the costs related to QC.

Under the JIT production, quality control systems have special meanings to
the management. Zero-defect means the priority of QC is to avoid defects
rather than compensate for the defects. Thus, accurate forecast for the un-
certainty becomes critical. The problem at certain stage in the manufacturing
processes needs to be solved in short time to avoid being the bottleneck for
the following stages. Optimality can not be reached at one step, so continuous
improvement is always needed, and the partnership with the supplier and the

customer is strongly recommended.

2.1.2 Available Statistics Tools

There are numerous articles discussing about the relationship between qual-
ity and statistics. Actually, many statistical theories and methodologies are
the products of research in application problems, as was well established by
the work of Sir Ronald A. Fisher, and the introduction of the statistical tools
to quality management by Deming led a revolution from Japan in the indus-
try. Harry V. Roberts surveyed textbooks used in business applications and
provided a relatively detailed list(Roberts, 1990). His list includes Sampling
and Survey Methodology, Experiment Design and Analysis, Time Series Anal-
ysis, Bayesian Decision Theory, Simulation Study and Graphical Technique.



Recent important developments in Control Charts, Taguchi Method and Sta-
tistical Process Control(SPC) also gain wide acceptance and applications in

the industry.

From the statistical aspects of quality control(Chase and Aquilano, 1989),
there are two things to consider: the sampling plan and the process con-
trol. Optimal sampling plans like double sampling plan and sequential sam-
pling plan can minimize the cost related to the inspection while promising the
quality. Control charts, like P-Chart, X-Chart and R-Chart are useful tools
for SPC. Further, the graphical tools can provide convenience to the TQM

through cause-and-effect analysis.

2.1.3 Just-In-Time

The JIT production is a brand new manufacturing philosophy developed by
the Japanese. From the point of cost accounting, JIT is revolutionary due
to its re-definition of the waste: non-value-added items or time. Thus, JIT
targets zero-defect, zero-inventory and single lot size. This is just the ideal
situation(in practice, it’s usually difficult to reach this target), or the JIT
philosophy, and the JIT systems are designed based on this philosophy. JIT
and its implementation deeply depends on the statistical tools because the
pull system can only be triggered without interrupt through 100% accurate
information. If the zero-defect is impossible, then the optimal supply should
be defined in the Kanban to satisfy the demand(For detail about Kanban
system, see p723, Chase and Aquilano, 1989). On the other hand, JIT sets
the ultimate target for a company, so only through continuous improvement,
within the company and in partnership with the supplier and the customer,
can the company near this target. The greatest advantage is the overall ef-
fects during this procedure like the reduction of the reworks, scraps and the
returns from the customer, the reduction in the manufacturing lead time, and
the improvement in the manufacturing flow. As an important step to the

Computer Integrated Manufacturing(CIM), JIT will obviously change the op-



erations throughout the whole supply chain.

2.1.4 Cost Structure

Cost structure for the manufacturing system is a big topic. For the convenience
of our discussion in the modeling part, we introduce here only some related

concepts in this area.

1. Category of the manufacturing cost:
e Material: Purchasing price plus transportation and insurance.
e Labour: Wage and benefits of employees direct related to the production.
e Overhead: Other costs and expenses related to the products like admin-

istration, quality control, sales and utilities.

2. Accounting Units:

e Cost Center: Unit to allocate costs in a company, like a machine or a

test center.

o Cost Item: type of cost to be allocated to the cost center, like utilities.

3. Cost Accounting Methods:

e Actual Cost Accounting: Allocate cost to products according to the

actual costs.

e Standard Cost Accounting: allocate cost to products according to the

standard costs decided beforehand.

e ABC Accounting: Activity based cost(ABC) allocation, i.e., allocate

costs according to the activities produced.

4. Costs related to QC: (Kaplan and Atkinson 1989, p. 380)



e Prevention: The costs of designing, implementing, and maintaining all
active quality assurance and control systems, like quality planning, qual-

ity controlling, and quality training.

e Appraisal: The costs of ensuring that materials and products meet qual-
ity insurance standards, like inspection, lab tests, quality audits, and

field tests.

e Internal Failure: The costs of managing losses from materials and prod-
ucts that do not meet quality standards, like scrap, rework, repair, up-

grade, downtime, and discount.

e External Failure: The costs of shipping inferior quality products to cus-
tomers, like warranty, replacement, freight and repairs for returned mer-

chandise.

5. Cost Structure under JIT

Under the new manufacturing environment of JIT production, new concepts
in cost accounting are introduced to facilitate the effects to the zero-inventory
target. Miltenburg(1990) described time-overhead concept in the new cost
structure under JIT to effectively measure the new manufacturing system.
Under this structure, the costs related to the lead-time of the raw materials
and the Work-In-Process(WIP) are allocated to the total cost during the man-
ufacturing procedure. The advantages are: Clear evaluation of performance
in turn-over rate; clear evaluation in lead-time; and clear evaluation in quality
control. Further, the management can adopt the target costing approach to

optimize the marketing strategy.

2.1.5 Supplier Evaluation

Under most cases, the quality control systems are initialized at the raw ma-
terials from the supplier. Good relationship with the supplier or securing the

qualified supplier is critical for the success of a typical manufacturing company.

10



Thus, supplier evaluation is always an important task for the purchasing de-
partment. Most companies have used the computer systems to establish a
measuring system to track the performance of the suppliers for the materials
and services they provided. Generally speaking, the tracking system should

include the following criteria: (often being called “Four Elements of Purchas-
ingn)
1. Price: The price of the suppliers as compared with the marketing price.

2. Quality: The quality of the suppliers as indicated by the return rate,

rework rate or scrap rate.
3. Time: The delivery time of the order as described in the contracts.

4. Service: The after delivery services which include repairs, supplements

and warranties provided.

Those criteria are related to one another but the focus can be chosen through
suitable assessment in weights when designing an evaluation system. For the
discussion in this thesis, we will consider only the first and the second criteria

for the vendor evaluation purpose.

2.1.6 Supply Chain Management

As the development in the manufacturing industry is going toward the new
environment like JIT and CIM, the optimization of the external processes be-
comes equally important to that of the internal processes. Recent progress
in Supply Chain Management(SCM) and Customer Relationship Manage-
ment(CRM) represents some efforts in those areas. Concerning the quality
control, the life cycle should not only be limited to the manufacturing proce-
dure within a company. It is a company’s best interests to establish a win-win
partnership relationship with both its supplier and customer, in order that the
information provided from both external sides can be shared by others to im-

prove the quality and to upgrade the services. For instance, the quality data

11



collected by the manufacturing company should be not only the evaluation
criteria for the supplier evaluation, but also the inputs to the quality system
in the supplier’s side in order that the supplier can improve the quality based
on the analysis of the data from their client, the manufacturing company. The
models discussed in the thesis are intended to assist the related quality control

procedure across the company boundary for the SCM.

2.2 Process Generalization

The definition of the waste under the JIT setting is the costs related to un-
necessary activities, i.e., inventory, quality inspection, reworks, scraps, etc.
Thus, the target of the QC is the optimum of the process and the data. The

optimum of the process includes three components:
1. Total Quality Control.

2. JIT Production.

3. Employee Involvement.

Of those three components, the key point is the accuracy of the data. An
optimal data model can provide important information to the optimal design
of the process. Of most are, first, the accurate requirements for the material,
labour and facility, and second, the reasons resulting to the happening of the

defects.

Generally speaking, there are two kinds of manufacturing processes: the dis-
crete production like those in the machinery industry, and the continuous pro-
duction like those in the pharmaceutical industry. Further, we can consider the
general scrap processing problem under different products with multi-supplier
and multi-customer. That is near the practical scenario. But for the conve-
nience of the model building, we will consider only some specific cases under

the general setting. As we know from the introduction, optimal order quantity

12



is related to the scrap rate and the cost structure. If we suppose that there
are no scrap caused due to the errors in operations during the manufacturing
process itself, then we can say that the scrap rate depends on the supplier,
while the cost structure depends on the product. Thus, we can choose the

following situations as the suitable starting points:

Case I: MS/MP/DP

Multi-supplier, Multi-product, Single customer, Discrete production
Case II: MS/SP/DP

Multi-supplier, Single product, Single customer, Discrete production
Case III: MS/MP/CP

Multi-supplier, Multi-product, Single customer, Continuous production
Case IV: MS/SP/CP

Multi-supplier, Single product, Single customer, Continuous production

In this thesis we will mainly focus on the MS/SP/DP case. The possible

approach for other cases will be discussed in the extension part.

13



Chapter 3

Related Theoretical Results

For the convenience of the following discussion, we review in this chapter the

related statistical concepts and theories.

3.1 Stochastic Process(Karlin, 1975)

Definition 3.1. [Stochastic Process|] A stochastic process {Xy;t € T} is a
family of random variables X, t € T, where, it depends on: (i) State space
S, the space in which the possible value of each X, lies. (it) Index parameter
T,T =(0,1,---), i.e., discrete, or T = [0,00), i.e., continuous. (i) Family
of joint distributions. Under the probability space (Q, F,P), X can also be
considered as a function on [0,00) X Q. The sample paths of X are the real-

valued function X(-,00) on [0, 00).
Category of the stochastic processes:

1. Stationary Process: Examples include physical movement with repeated
cycles, like the position of waves depending on the time, and the eco-
nomic time series, like the unemployment rate in different economic cy-

cles.

2. Martingale: A typical example is the fair game, like the gambling.

14



3. Markov Process: Concerning the happening of the scraps in different
stages under the manufacturing process, it has the property of forgetting

the past, hence can be considered as a kind of Markov process.

4. Renewal Process(Counting Process): Examples can be found like the

Poisson process for the unit lifetimes.

5. Point Process: In the real world, the point process can be used to describe
the distribution of stars in space, the planer distribution of plants and

animals, etc.

Here, of most importance to our discussion are Martingale, Counting Process,

and Markov Process, which we will explore in further detail later.

3.2 Martingale

Definition 3.2. [Martingale] A stochastic process X,,n =0,1,--- is a mar-
tingale, if, forn =0,1,---, l) E“Xn” < o0 “’) E[Xn+1|X0) co ,Xn] = X

Martingale originated from gambling. Bremaud(1981) gave a more general
definition that also included submartingale and supermartingale using the con-

cept of information history.

Properties:

1. If X, is a (super)martingale w.r.t. Yy, then, E[X,k|Yo, -+, Y,](L) =
Xn, Yk 2 0.

2. If Xy, is a (super)martingale, then for 0 < k <n, E[X,](<) = E[Xi](<
) = E[Xq).

3. Suppose that X, is a (super)martingale w.r.t. Y,, and g is a (nonnega-
tive)function of Yy, - « - , Yy, for which the expectations that follow exist. Then,
Elg(Yo, + , Ya) Xntk[Yo, - -+, Yal(L) = g(Yo, - -+, Vo) X

There are two important theorems related to the properties of martingale. But

first, we need to introduce the important concept of stopping time.
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Definition 3.3. [Stopping Time] A random variable T is called a stopping
time, or Markov time w.r.t. Y, if T takes values in 0,1,--- 00 and if, for

everyn = 0,1, -, the event {T = n} is determined by (Yo, -, Yn).

More generally, in Bremaud(1981), T is called an F;-stopping time if for all
t>0, T <te F;, where F; is the information history under the probability
space (2, F,P).

Properties:

1. If S and T are Markov times, then sois S+ T.

2. The smaller of two Markov times S, T, denoted as S AT = min{S,T}

is alse a Markov time.

3. If S and T are Markov times, then so is the larger SV T = maz{S,T}.

Theorem 3.1. [Optimal Sampling Theorem/] Let X, be a martingale and T a
Markov time. If: i) P.{T < oo} = 1; ii) E[| X7|] < oo, #ii) lim E[X,Iirsn)]
= 0. Then, E|Xt] = E[X].

The Optimal Sampling Theorem is useful in calculating boundary probabilities

related to the stochastic processes.

Theorem 3.2. [Martingale Convergence Theorem] Let X, be a martin-
gale w.r.t. Y, satisfying, for some constant K, E[X2] < K < oo, for all
n, then X, convergence as n — o0 to a limit random variable X, both with
probability one and in mean square. That is: P,{Jl_g;o Xn =X} =1, and

lim E[| X, — Xoo|?] = 0 prevail. Finally, E[Xo) = E[X,] = E[Xw).

The Martingale Convergence Theorem also provides powerful tools for the

boundary probability calculation in the stochastic process.
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3.3 Counting Process(Fleming and Harrring-

ton, 1991)

Definition 3.4. [Counting Process] A counting process is a stochastic process
{N; : t > 0} adapted to a filtration {F;} with N(0) =0, and N(t) < oo a.s.,
and whose paths are with probability one right continuous, piecewise constant,

and have only jump discontinuities, with jump “size + 1”.

Here, depending on t, we have discrete counting processes and continuous
counting processes. The Poisson process is the most prevalent example of a

counting process.

3.4 Markov Process(Karlin, 1975)

Definition 3.5. [Markov Process] A Markov process is a stochastic pro-
cess {X;,t € T}that has the property: P{a < X: < b|Xy, = X1,Xy, =
Xo,o o, Xe, =Xn}=P{a< X, <bX,, = X}, Vi <ty <--- < t, <t

An important concept related to the Markov process is the transition prob-
ability function. Using this concept, we can write the proceeding equation
as: Po(Xp,tn,t,A) = P{a < X; < b|Xy, = X1, X, = Xo,--+, Xy, = Xan},
where A = {£]a < & < b}. If the transition probability only relates to the
time period, we call the Markov process stationary. As we know, the Poisson

process is not a stationary process.

Definition 3.6. [Markov Chain] A discrete time Markov chain {X,}is a
Markov stochastic process whose state space is a countable or finite set, where
T=(0,12,---).

Markov chain has many important properties that will be useful in analyzing

the related problems.
Properties:

1. A Markov chain is completely defined by its one-step transition probabil-

17



ity matriz and the specification of a probability distribution on the state
oo

of the process at initial status. Further, we have: P} = 3 e Dejs for
k=0

any fized pair of nonnegative interger v and satisfying r +s = n and

P = Ii=s)-

2. State j is said to be accessible from state ¢ if for some integern > 0, P} >
0. Two states i and j are said to communicate if they are accessible to
each other, write i «— j. Communication has the property of reflexivity,

symmetry and transitivity.

3. A process is irreducible if all states communicate with each other. The
period of state i, written d(3), is the greatest common division(g.c.d.) of

all integers n > 1 for which Pj; > 0.

4. A state i is recurrent if and only if, starting from state i, the probability
of returning to state ¢ after some finite length of time is one. A non-

recurrent state 1s said to be transient.

3.5 Generalized Linear Model

Historically, there are two approaches to process the count data. The first ap-
proach is the adoption of the Generalized Linear Model(GLM) as indicated in
McCullagh and Nelder(1989), Cameron and Trivedi(1997) and Agresti(1990).
GLM was developed based on the properties of the count data. The power of
the linear model is limited due to the discreteness of the count data. As a re-
sult, regressions are introduced using a kind of link functions. As summarized

in Cameron and Trivedi(1997), in general:

form(yl6,9) = exp{f’_yc;ng_b)(@)

is a member of a linear exponential family, with canonical parameter ¢ and

+c(y, 9)} (3.1)

nuisance parameter ¢. Define the linear predicator n = X’B. Then, the link

function n = n(u) relates the linear predictor to the mean u. Especially, the
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Poisson model with mean corresponds to the log link function n = lnu. This
is usually called the log linear model. Agresti(1990) introduced relationship
between models for the categorical data and GLM, which is a kind of special

to general relationship. Further, he summarized the components of a GLM:

1. Random component: Independent observations of Y = (Y1,Y5,--- | Y,,)

from a distribution on a natural exponential family.

2. Systematic component: A vector n = (91,72, -+, 1) to a set of explana-

tory variable through a linear model n = X'g.

3. Link between the random and systematic components: 7; = g(u;), where

w; = E(Y;) is any monotonic differential function.

3.6 Proportional Hazard Model

Another approach for the count data analysis is the survival analysis approach.
There are numerous articles and textbooks on this topic. Due to its appli-
cations in medical trials and quality control areas, survival analysis has been
considered as a very useful tool for the analysis of the failure data, espe-
cially, when there are censors happening. There are two ways to handle the
censored count data. The traditional approach uses the conditional distri-
butions and the hazard functions concepts, see Kalbfleisch & Prentice(1980),
Cox & Qakes(1983) and Miller(1981). The martingale approach uses the mul-
tiplicative intensity model and thus extends the scope of the survival analysis.

Representative publications about this approach include Fleming & Harring-
ton(1991), Bremaud(1981) and Gill(1980).

3.6.1 Traditional Approach
1. Censorship:

Censorship mechanism is an important part of the survival analysis. There

are two types of censorship. Type I censorship is the censor with fixed time,
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while type II censorship is the censor with fixed failed item number. Gill(1980)

provided formal definitions for them.

Definition 3.7. [Type I Censorship] Suppose that X1, Xs, -+, X, are i.i.d.
r.v.5 with distribution function F. F = F,, where {Fp} is some parameterized
family of distributions. X;,i=1,2, -  n are failed times, and p > 0 is a fized
time, at which not all X; < p. Then, ()Z'i,éi) = (Xinp, Igxi<py ), 8= 1,2, ,n

are the observations.

Definition 3.8. [Type II Censorship] Suppose that X1, X, -, X, are i.i.d.

r.v.s with distribution function F. F = Fy, where {Fp} is some parameterized

family of distributions. X;,i=1,2,---,n are failed times, and X ;3,1 =1,2,---

are the order statistics of X;,i=1,2,---,n. The observations are termi-
nated at some fired r < n, and the data (X'i,éi) = (Xi A X, Iixi<xim})r 8 =

1,2, -+ ,n are the observations.

2. Failure Time Distribution

Assuming that T is an arbitrary continuous non-negative r.v. representing
the failure time with distribution function F'(¢) = P{T < t}, and the density
function f(t) = ‘-1%9. Then, we also have following useful functions to describe

the distribution:

Hazard Function: A(t) = zlsi{ﬁ) HP{t<T <t+ AT >t}
= —[Z{SO}N/S(t) = f()/S(2).
Survival Function: S(t)=P{T >t} =1-F(t).

Cumulative Hazard Function: A(t) = fot Ap)du.

3. Estimation of the Survival Function
Kaplan & Meier(1958) derived the Kaplan-Meier estimator for the survival

function using the “nonparametric maximum likelihood estimation” approach:

A n; — d;
S@ =] =) (3.2)
. L]
]]tj<t
where t; < ty < --- < t represent the observed failure times in a sample of

size n from a homogeneous population. With survival function S(t), d; items

fail at ¢;(j = 1,2,---,k), and m; items are censored in [t;,¢;41). Also, we
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have: tg = 0, ty41 = 00, and n; = (m; +d;) + - - - + (my + dy) is the number of

items at risk at the time just prior to ¢;.
4. Proportional Hazard Model

The Proportional Hazard(PH) model(Cox, 1972) has been widely used in the
survival analysis area. It specifies that: A(t; Z) = Ag(t)e??, where A(¢; Z) rep-
resents the hazard function at time ¢ for an individual with covariate vector Z,
and Ag(t) is an arbitrary unspecified baseline hazard function for continuous ¢.
In this model, § is a column vector of s regression parameters which addresses

the major attention to be estimated.

3.6.2 Martingale Approach

Martingale approach is a recent development in the methods for the survival
analysis. Fleming & Harrignton(1991) introduced this approach systemati-
cally. The key point of this approach is the use of the Doob-Mayer Decompo-

sition. We indicate here the major results without proof.
1. Process M =N — A

Theorem 3.3. Let T be an absolutely continuous failure time random variable
and U a censoring time variable with an arbitrary distribution. Set X =
min(T,U), 6 = [ir<uy, and let X denote the hazard function for T. Define
now Ny = Ip<ts=1y, Nipy = Ip<to=1), Ft = 0{Ny), N : 0 < p < t}. Then,
the process u given by p(t) = N(t) — fot Iz > u}A(u)du is an Fy-martingale

if and only if:
—2P{T > u, it > t}|u=s

) = P{T>tpu>ty

(3.3)
whenever P{x >t} > 0.
Note: Theorem 3.3. is used for known hazard function cases.

Theorem 3.4. Let T be an absolutely continuous failure time random variable
and U a censoring time variable with an arbitrary distribution. Let X =

min(T,U), 6 = Iiz<uy, Nuy = La<t =1}, Ny = Tzstg=1), Fr = U{N(u),N;f :
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0 < pu <t}. Then the process M given by M(t) = N(t) — fot Iz > u}dA(u)
is a martingale with respect to Fy if and only if:

dF(z) _ dP{T>zpu>T}
1—-F(z)  P{T>zu>z}’

for all z such that P{T > z,u > z} > 0.

(3.4)

Note: Theorem 3.4. is used when the cumulative hazard function is known.

Theorem 3.5. [Doob-Meyer Decomposition] Let X be a right-continuous
non-negative sub-martingale with respect to a stochastic basis (0, F, {Fy: t >
0}, P), then there exists a right-continuous martingale p and an increasing
right-continuous predictable process A such that E[A(t)] < oo and X(t) =
p(t)+ A(t)a.s. for anyt > 0. If A(0) =0 a.s., and if X = M'+ A’ is another
such decomposition with A’'(0) = 0, then, for anyt >0, P{M'(t) # M(t)} =
P{A'(t) # A(t)} = 0. If, in addition, X is bounded, then M is uniformly
integrable and A is also integrable.

2. Process [ HdM

Another expression for many censored data statistics is of the form ", [ H;dM;.

The following theorem establishes its formal conditions.

Theorem 3.6. Let N be a counting process with E[N(t)] < co for any t, and
let {Fi;t > 0} be a right-continuous filtration such that:

1. M = N — A is an Fy-martingale, where A = {A(t);t > 0} is an increas-
ing Fy-predictable process with A(0) = 0;

2. H 1s a bounded, F;-predictable process;

Then, the process L given by L(t) = fot H(u)dM(u) is an Fy-martingale.

3.7 Parameter Estimation

Traditionally, there are two approaches for the statistical inference: the classi-

cal statistical estimation and the Beyesian statistical estimation. Also, there
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are different methods for both parametrical and non-parametrical estimation.
The statistical inference which includes point estimation, interval estimation
and hypothesis testing can be drawn from both “finite sample” results and
“asymptotic” results(Karr, 1986). For the interests of our discussion, we make
here a brief review about the major methods used in the parametrical point
estimation, including Least Squares Estimation(LSE), Maximum Likelihood
Estimation(MLE) and Estimation Function(EF) under the classical arena, as

well as the general Bayesian inference approach.

3.7.1 Least Squares Estimation

LSE and MLE are two most commonly used methods for the point estimation.
Under most situations, they have the same results, and the same properties
like unbiasedness, consistency and sufficiency. Further, new methods are being
developed based on the basic idea of LSE to optimize the estimators, such as
Weighted Least Squares Estimation(WLSE), Iterative Weighted Least Squares
Estimation(IWLSE) and Conditional LSE(Karr, 1986).

Considering a linear regression model Y = X’(+¢, LSE uses the Mean Squared
Error(MSE) value Q = (Y — X'8)T(Y — X'f) as the criterion to obtain the
estimator for 3 as Brsg = (XTX)~1(XTY). WLSE can be used for the cases
with unequal error variances. With the weights matrix W estimated from the
results of LSE, the adjusted estimator becomes BWLSE = (XTWX) I XTWY.
It can be shown that this is a Best Linear Unbiased Estimator(BLUE).

3.7.2 Maximum Likelihood Estimation

MLE is another popular method in finding estimators. Considering one pa-
rameter case, suppose that the observations from a population with i.i.d. pdf
f(Y;60) are: y1, -+ ,Yn, then the joint pdfis: g(yi, - ,yn,0) = [1ie; f(¥s; 0).
This function can also be viewed as a function of #, so we can write it as

L(0) = g(y1, -+ ,yn,0) = [, f(vi;0). We call this function the likelihood
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function, and can maximize L(#) to yield the maximum likelihood estimator
OvLe.
Cox developed the method of the partial likelihood for the proportional hazard

model A(t; 2) = Ao(t)exp(Z7B), which had actually no direct relationship with
MLE. The partial likelihood function is:

exp(ZTB)
ZleR(t(i)) exp(ZlT/B)

which doesn’t depend on time related baseline hazard Ao(t).

R
L) =[]«

i=1

), (3.5)

3.7.3 Estimation Function Approach

Godambe(1960) introduced an innovative approach for the parametric point
estimation, the Estimation Function approach. This approach considers a
group of functions of both observations and parameters instead of functions
only related to the observations. Through studying the optimal criteria di-
rectly in EF, which now contains all the information, the parameter estimators
can be obtained. This provides convenience for the situations when the func-

tions of observations are difficult to express. The major results are as the
follows(Godambe, 1960):

Definition 3.9. [Estimation Function] An Estimation Function is a func-
tion g(X, @) of both the observation X and the parameter 8. The Estimation
Function is called unbiased if E[g(X,0)] = 0 for all F € F such that 6(F) = 0,
where X = (x1,%a,- -+ ,Zr) is a vector random variable on a probability space.
0 = (61,0, ,6,) is the parameter, and the distributional family F has rela-

tions with the parameter.

Definition 3.10. [Optimal EF] Within the class ¢ of all regular unbiased
EFs, a function g belonging to ¢ is an optimal EF for 8 if, for any F € F with
0 = 6(F), it minimizes the quotient —E(g%—.

{E[551}?
As a kind of unified approach, EF approach can be used to derive other esti-

mation methods, like LSE or MLE as special cases. For example, MLE uses
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the score function as EF under the EF approach.

In summary, the advantages of the EF approach to other point estimation

appraches are as the follows:

1. Starting from the estimation functions instead of the functions related
only to the observations, hence can provide more information and con-

venience for the point estimation.

2. Generalizing the common point estimation approaches like LSE and
MLE under a unified approach, hence can provide simplicity for the

point estimation method.

3.7.4 Bayesian Estimation Approach

Bayesian analysis is important for the decision theory. The Bayesian estima-
tion approach is completely different to the classical estimation approach, and
the Bayesian estimators have some specific properties. Box and Tiao(1993)

described this approach in detail with applications in Normal theory.
1. Bayesian Approach

The verification of the tentative conjections depends on the designed experi-
ment and the collected data. There are two methods for the statistical analysis
purpose: sampling theory and Baye’s Theorem. Using the sampling theory,
the parameters are considered to be unknown but fixed, and the estimators
are functions of both observations in the sample and the parameters. Under
the Bayesian approach, the parameters are considered as the random variables
that follow the prior distribution. Sometimes the sample from the population
that follows the prior distribution is called the reference set or training data,
and the Bayesian analysis can be viewed as a kind of learning procedure from

the training data.
2. Bayes’ Rule

Bayes’ Rule plays a critical role in Bayesian analysis. The relationship between
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the priori and posteriori shown in the rule requires the practitioners to avoid
pitfalls in using the Bayesian approach by choosing the proper model structure

and the appropriate non-informative prior carefully.

Suppose that Y’ = (y1,y2,-- ,¥ys) is a vector of n observations with pdf
P(Y|0), where §' = (61,605, ,0,) is the parameter. Suppose also that 6
has a pdf P(6), then we have:

P(Y|6)P(6) = P(Y,6) = P(8]Y)P(Y). (3.6)

Given the observed data Y, we have:

PY10)P(6)

POY) = P}

(3.7)

Without loss of generality, suppose 8 continuous, as P(Y) is the value related

only to the observations, we can denote:
Hﬂ=/mew=/Pwmmww=mmmm=oﬂ

Then, we can write:
P(6lY) = CP(Y1|0)P(6). (3.8)

This equation is usually referred as the Bayes’ Theorem. P(6) here is the prior
distribution of 6, which provides information about 8 without the data. Also,
P(8]Y) provides us the related information about § with the data, which is
usually called as the posterior distribution of 8 given Y. Now if we consider
P(Y]#) in the expression as a function of 6 instead of Y, which is called by
Fisher, as the likelihood function of 8 for the given Y, then we can rewrite the
Bayes’ Rule as:

PO)Y) =1(8)Y)P(Y). (3.9)

Here, [(0]Y') is defined up to a multiplicative constant. The definition of the
likelihood function [(A|Y") is important as it represents the information about

6 that comes from the data.
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3. Non-informative Prior

Now we define the non-informative prior and derive its actual expression, so

we can apply the Bayesian approach in practice.

Suppose that ®(6) is a one-to-one transformation of 6, if the likelihood function
can be expressed as [(8]Y) = g[®(0) — f(Y")], then we can say that the prior
distribution of 6 which is locally proportional to |d®/df)| is non-informative
for the parameter 6. For the exponential family, as observations Y are drawn
from a distribution P(Y|6) of the form P(Y|6) = h(Y)w(8)exp[c(8)a(Y)], it
can be shown that the non-informative prior is just the Fisher information.
For the other cases, the Jeffrey’s Rule indicates that the non-informative prior

is proportional to the square root of the Fisher’s information measure.
4. Bayesian Estimation

Following the Bayes’ Theorem and using the non-informative prior, we can
obtain the suitable Bayesian estimators, which contain the information from
both the prior distribution and the data. In many cases, we can find conjugate

family as a class of the prior distribution to the posterior distribution.

3.8 Optimization

Optimization is a widely used tool for decision making under uncertainty which
has been developed with the OR techniques. The major objective of the
optimization is to find an optimal solution for a function under a group of
constraints. There are many papers in the literature in this area. Among
them, of most interests to our discussion are: Drefus and Law(1977), which
introduced general method of dynamic programming; Bertsckus(1976), which
provided special treatments for the dynamic programming(DP) method under
the un-deterministic situations; and Bensausson, Crouhy and Proth(1983),
which established a unified framework for the production planning problems

with the dynamic programming method.
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3.8.1 Decision Theory

A typical decision problem under uncertainty can be abstracted in the following

mathematical format:
1. A function f : D x N' — © for three non-empty sets D, N and ©.
2. A complete and transitive relation <« on 6.

Where:

D: the set of possible decisions.

N: indexes of the uncertainty in the problem and may be called the set of
“states of nature”.

O: the set of outcomes of the decision problem.

f: the function that determines which outcome will result from a given
decision and states of nature.

& a relationship determining our preference among the outcomes.

If there exists a real-valued function G : © — R with the property G(6,) <
G(6) = 6, < 6,,Y6,,0, € O, then we can define function J : D x N — R
as J(d,n) = G[f(d,n)], which is usually called the payoff function. When N
contains more than one element, the order on © induces only a partial order
on D through:

di € dy = J(dl,n) <K J(dg,n) = f(dl) < f(dz),Vn eEN

A decision d* € D is called a dominant decision, if d < d*,Vd € D.
There are two approaches in general to formulate the decision problems:
1. Min-Max(or Max-Min) Approach:

Min-Max approach takes a pessimistic attitude toward the possible outcomes

by maximizing over D the numerical function F(d) = inf,en J(d,n).
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2. Utility(or Risk) Function Approach:

Suppose we know that each decision d € D specifies the probability of each
outcome via the function f(d,-) and Py(0) = P({n|f(d,n) = 0}|d),Vé € ©.
Then, we can define the utility function u[f(d, n)] satisfying:

di <€ dy = Pch <K Pd2 = E{u[f(dl,n)“dl} <K E{’u,[f(dg,n)]ldg},le,dz € D.

The optimal decision problem is thus transformed to the problem of maximiz-
ing over D the expect value of the numerical function u. This function is also
called the risk function or the loss function. A widely used loss function in

Statistics is the MSE.

There are two types of decision problems: non-sequential decision problems
and sequential decision problems. For the non-sequential decision problems,
we usually use the Linear programming(LP) technique, and for the sequen-
tial decision problems, DP technique. Under both situations, the Lagarange

multipliers can be used to reduce the dimension of the formulation.

3.8.2 Linear Programming

The LP model includes an objective function and a group of resource con-
straints, both in linear format. The objective function is to be minimized(or
maximized) while satisfying all the constraints. Besides the Lagarange multi-
pliers approach, the graphical linear programming approach is often used for
simple problems. For those sophisticated problems, Simplex Method can be
adopted with the aid of computation. When solutions are limited to the inte-
gers, the LP problems become more specific as the Integer Programming(IP)
problems. The commonly used approaches for the IP problems are the Trans-
portation Method and the Assignment Method. Related algorithms are also
developed, like the forward and backward approach, the search in depth ap-
proach and the search in width approach.
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3.8.3 Dynamic Programming

The DP approach follows the “Principle of Optimality” as stated. The opti-
mal solution has the property that, whatever the initial value assigned to a
step, the remaining steps should hold the optimal value for the solution. In
practice, we have both discrete-time sequential decision model and continuous-
time sequential model. Under the normal situation, we usually can consider

only the discrete case to avoid un-necessary complexity.

Bertsekas(1976) addressed the sequential decision model in this way: Suppose
that a system is characterized by three sets: the input set U, the uncertainty
set W, and the output set Y through a system function S : U x W — Y.
Define I1 : Y — U as a feedback controller for the system if for each w € W,
the equation U = II[S(u, w)] has a unique solution for u. Now we construct
the decision problem as the following: Take IT as the decision set, W as the
set of the states of nature, and @ = (U x W x Y') as the outcome set, where
U = [S(u,w)] and Y = S(u,w). If G is a numerical function ordering the
outcome @, and J the corresponding payoff function for the decision problem,
then the problem can be formulated as:
Finding 7 € II to minimize F(II) = infyew J(7, w) = infyew G(u, w, y).

Given a known probability measure on II, we can define F'(7) = E{J(u,w, y)}.
Thus, the DP decomposes the task of minimizing F'(7) into a sequence of much

simpler optimization problems and then can be solved backwards in time.
For the discrete-time sequential decision model:
Tht1 :fk(mk,Uk,wk),k_—'O,l,"‘ 7N_1’ (310)

the system operates over a finite number of states N (a finite horizon). We look

for the feedback controller {ug(zo), u1(z1),- -+ ,un-1(zn-1)} as the solution.
Write u = {ug,u1, -+ ,un—1} as the system input, w = {wy,ws, - ,wy_1}
as the uncertainty quantity, and y = {x,z1, -+ ,zn} as the system output.

Further, assume that the utility function has an additive structure of the form

Uu, w,y) = Un(zn) + Sopy Ur(k, u, wy). Then, the problem becomes:
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Maximize .]7,- = J(uo,ul, e ,uN_l) = E{UN(:EN)+Z,€N=_01 Uk[CL'k, uk(xk), wk]},

subject to the system equation constraints:
Tk+1 = frelzk, ue(zk),ws], £k=0,1,--- N —1 (3.11)

Under the specific case of finite state Markov Chain, if the set of the transient
probability P(zg+1|zk, ux) is given, then by defining fi(zk, uk, wx) = wy, we

can simplify the equation to: x5y, = wy.

For example, if we consider the correlations among different stages in the
manufacturing process, we may adopt the model to find the solutions for the
feedback controller. This is usually the actual situation under the manufac-
turing environment. As the components pass from one stage to the next, the
operator at the next stage will have some quality information about the com-
ponents and hence can estimate the quality status of the components under

the current stage.

3.9 Simulation

The simulation technique has been developed with the digital computing tech-
nology. It has been proved to be a useful tool in analyzing industry sys-
tems(Schmidt & Taylar, 1970). The concept of simulation is simple: Instead
of operating the real system, a simulator, the model for the real system is
operated to obtain the data and analyze the results. As a common sense,
every model has error tolerance from the real system. Hence, the simulation
technique has disadvantages as well as advantages from the beginning of its

application.
Advantages:

1. Simplify the real system with a model, thus provide guidance to the

operation.

2. Save money and time for decision making about investment in the real

system.
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3. Provide more straightforward results than that from the pure mathe-

matical analysis.

4. Provide possibilities for training environment of unrealistic system oper-

ations.

Disadvantages:
1. Provide no guarantee for the reality under the real system.
2. Depend heavily on the computing technology.

3. May take more efforts to build a simulation system for the real system.

The simplest simulation is the random number generator. However, more
advanced simulation tools are also available for the statistical analysis. There
are data simulation, process simulation and Monte Carlo simulation. Most
recently, Markov Chain Monte Carlo(MCMC) simulation has been widely used

in simulating the sophisticated random processes.

The software used for simulation can be put into two categories: general and
specific. The general software can be developed using the general programming
language, like Fortran and C. But there are also specific simulation software
packages, like GPSS, BUGS and CODA for applications in certain areas.
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Chapter 4

Developing Model System

4.1 Basic Notations

Consider the following typical scenario for a manufacturing company:

Supplier# § 2| b Wartshops Ta S
rchasing | B | | esting ales ||
/ Departiment Warchouse > - Machining > Center Department
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- Assembling
Supplier #2 - Packing

I | |
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Inspection Pojnts Incoming Sample Quality Controf Product Trial Note:
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PocesingSas [ RawMaterds wip 6 < podict —> F: Finished Goods

Figure 4.1: Typical Manufacturing Process under MS/SP/DP
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Under this scenario(belonging to MS/SP/DP), we assume:

. There is a sales order existing from a customer for a kind of customized

product with demand “D”.

. There are “n” suppliers available for the major component used for the

product. The supply capacity of each supplier is: “S},i=1,2,--- ,n.

. There are “m” inspection points during the manufacturing process that

may cause the scraps. The cost related to the scraps at each point is:
“C;',aj = 172,"' , M.

. No defective component can be used through reworking, hence becomes

the scrap.

. There are ample manufacturing capacity in the manufacturing company

for the sales order.

. The delivery time is fixed in the sales order, delay in delivery will cause

the loss of sales.

Components from different suppliers have the same manufacturing cost

structure.

. All defects after delivery are considered as the normal tear and wear,

and thus belong to the scope of repair/guarantee.

Further, we define:

1.

“Ri;,t = 1,2,---,m;j = 1,2,---,m as the scrap rate of components

from supplier

) w3
1

at the inspection point “j”. Note here that the scrap
rates are small values between ‘0’ and ‘1’, depending on factors from

both the supplier and the manufacturing process.

Ya 4

wen
IR :

it =1,--+,n as the purchasing quantity from supplier “i
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4.2 Data Structure

The available data for our statistical analysis are the “Historical Quality Data”

and the “Empirical Scrap Rate” as the follows:

Supplier\Stage | 1 2 |- m—1 m | Total
1 X | Xz |-+ Xim-1 | Xim | Xi
2 Xor | Xog |-+ Xom-1 | Xom | X2
n Xn,l Xn,z e X’I’L, m—1 Xn,m Xn

Table 4.1: Historical Quality Data

Supplier\ Stage | 1 2 |- |m—=1] m
1 Ryy | Big |-+ | Rym—1 | Rim
2 Ror | Reo |-+ | Ram—1 | Rom
n R’n,l Rn,2 e Rn,m—l Rn,m

Table 4.2: Empirical Scrap Rate

Note that the relationship between “R” and “X” is: R;; = X;;/X;, where X;;
is the actual scraps happened at stage “j” in batch from supplier “i”. So, R;;

is just the empirical scrap rate.

4.3 Analysis

Based on the objective of our study as well as the data structure, we can draw

the following conclusions:

1. From Table 4.1 we learn that we have typical categorical data in the format

of ‘n x m’ table. Thus we can use the regular methods for the categorical data
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analysis to do our job. But, we may transfer the original data to the format as
in Table 4.2. Then, we get the “empirical scrap rate” data. If optimal order
quality is the only objective, then, as most industry practitioners did, we may
directly use Table 4.2 to make our decision. But, actually the optimal order
quantity is only one objective of our study. So, we need to take a deeper look

at the data.

2. Considering the factors that may affect the scrap rate, we can construct
a non-parametric model under the Bayesian approach as the important first
step. There are two major factors: the supplier and the manufacturer. The
supplier affects the overall scrap rate, or more accurately, the distribution of
the scrap rate during the manufacturing process in average. On the other
hand, the manufacturer affects the scrap rate at each manufacturing stage.
Further, we consider the properties of the scrap under the JIT setting. We
have reason to believe that the happening of the scraps, under most situations,
is a kind of rare event. Thus, we can use the Poisson distribution as the prior
distribution for the average scrap rate per supplier. Also, we may use the
Gaussian distribution as the prior distribution for the scrap rates at each
manufacturing stage. We can do this because we can believe that the scrap
rates vary randomly at each manufacturing stage due to the environment.
Hence, we can adopt the Bayes’ Rule to make inference about the scrap rate

through the historical quality data as the training data.

i
1

Following the notation, suppose that supplier has supplied the compo-

w

nent “I” times, with scrap rate “Ri;,¢ = 1,2,--- ,n;j = 1,2,--- ,m;k =

1,2,---,1. Then, Ry ~ N(ui,0%), where ui; ~ Poisson();). Further, we
can estimate u;j, a?j and ); through LSE or MLE, ie., \; = E;(R;;), where
Rij = 1374 Rijt, and fuj = Ex(Ryjx), 6% = Vark(Rije) + Ai.

Under the Bayesian framework, we consider:

¢ 'Ii/]'k)i=1727"' 5 =120 ,mik=1,2,---,1
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as the training data. Then,
P(Xi, tij, 05| Rijen) o< P(Xis iy 055) X P(Rijasny|Riji, k= 1,2, -+, 15 A, i, 055

In other words, the posterior distribution of (A;, wij, a?j) given the training data
is proportional to the production of its prior distribution and its likelihood.
So, the historical quality data is important for the estimation in the model
building. For new supplier without historical quality data, we may have to

find alternatives for the inference.

Here, we assume that each manufacturing stage is independent. But, under the
actual situation, some stages may be correlated. For example, two machines
may be operated by the same operator at two different stages. Under this case,

we may need to consider the correlation among the multi-Gaussian processes.

3. On the other hand, we can adopt the survival analysis approach to do
the analysis. Considering the product life cycle of those components, the
scrap rates during the manufacturing process represent a kind of incomplete
data with both left and right censoring mechanism. We know that this is
a type I censoring, as the scrap rates before the delivery of the components
from the supplier are unknown to the manufacturer, and the scrap rates after
the delivery of the products to the customer are also out of control from the
manufacturer. Of course, the analysis based on the incomplete data may raise
concerns about the reliability, so we should either develop specific methods for
the incomplete data analysis or avoid incomplete data. The second approach
can be achieved through some managerial efforts, especially, through SCM.

However, our interests here are mainly focused on the first approach.

(1352

Let us consider the states of a component from the supplier “i”. We may
define {yt(i)} as a stochastic process for the quality states of this component.
Here, we have a non-stationery finite-state delivery-time Markov process. The
state space S = {0,1}, where “0” represents the state of defective item, “1”
the non-defective item. The time space T = {1,2,--- ,m} as the “m” stages.

Note that defects prior “1” or after “m” are considered to be censored.
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As we have decided that under the JIT setting all scraps can not be reworked,
so the state “0” becomes recurrent, while state “1” remains as the transient
state. And the transient probability, as defined in the Markov chain, is just

the scrap rate during the manufacturing stages.

Now we can define 7@ = min{t : t = 1,2,--- ,m; ygi) = 0} as a stopping
time for the components. {79} becomes a random variable representing the
survival time for the components. Further, since under general situation,
the scrap rates decrease as the components are proceeding, we can use the
martingale, or more accurately, the super-martingale definition to describe

the variation of the scrap rates. Then, we can adopt the traditional statistical

methods for the martingale oriented survival analysis to handle the inference.

4. One important principle in quality control is the continuous improvement.
As the feedback information about the quality during the manufacturing pro-
cess are returned back to the supplier from the manufacturer, the supplier may
improve the quality of the components in the next batch to the manufacturer,
to be the surviver in the competition. In this case, we can consider a kind
of time series model with the auto-correlation between Yt(i)l and Yt(i) as the
improvement of our developing model system. Then, the quality improvement
trend can be expressed through the model. However, this only applies to the
situation when the manufacturer adopts the SCM approach and bonds the

major suppliers with the long-time relationship.

5. The next step after the modeling is the optimization. As we have shown in
the introduction, the optimal order quantity depends on both the cost struc-
ture of the product, which is a deterministic factor in our study, and the scrap
rate, which is the un-deterministic factor. After the inference about the scrap
rate, we can use the LP technique to determine the optimal order quantity for
all existing suppliers and evaluate the ranking of the potential suppliers based
on the model. In practice, a safe buffer may need to be defined to promise

the uninterrupted operation under unexpected emergency situations.
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4.4 Stochastic Models

4.4.1 Optimization

Our model for the optimal order quantity includes three related components:
the scrap rate estimation, the regression, and the optimization. Let’s follow
the notation and reverse the consequence to construct the optimal model for
the MS/SP/DP case.

Objective: Minimize 3 2,377, Q;iR;;C; subject to
constraints: 1. Yo ,Q; =D
2.0<Q;<8,i=12-n

Here, we need to know the following about this model:
1. 3°7; Qi = D is the loss function for the optimal order quantity.

2. R;j is the estimated scrap rates for the components from supplier “i” at the
manufacturing stage “j”. It can come from the empirical data, the regression
results, or the posterior distribution based on the prior distribution and the
training data. However, for new suppliers, the only option is the regression

results.

3. The optimization process is itself a process of vendor selection. All potential
suppliers are considered but those with the result “Q); = 0” are automatically

excluded from the actual transaction.

4. The cost structure is decided together by both the product and the man-
ufacturing process. The standard cost accounting method is preferred, but if
the actual cost accounting method or the ABC accounting method is applied,
then the historical data are required to establish the cost structure for each

new sales order.
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4.4.2 Regression

For the regression, we need to know more than the scrap rate. As deciding
the covariates(or regressors) as the important first step, we will discuss this
in detail later in the implementation part. The regression model should be
established through considering the data structure and the covariate structure.
In practice, the factors that may affect the scrap rate may vary from the
numerical values to the nominal values. For example, the year in purchasing
the components is a numerical value, but the status of the quality certification
is a nominal value(Y/N). Following McCullagh and Nelder(1983), Cameron
and Trivelli(1997), and Agresti(1990), we can use the log-linear regression
model. On the other hand, from the survival analysis approach, following
Kallefleisch and Prentice(1980), Cox and Oakes(1984) and Miller(1981), we
can directly apply the PH regression model.

4.4.3 Scrap Rate Estimation

For the scrap rate estimation, besides adopting the methods from the regres-
sion, we can also consider the direct distribution model. There are descriptions
on various Poisson models and extensions for the count regression in Cameron
and Trivelli(1997). In particular, they have discussed many departures from
the standard Poisson regression. Related to the scrap processing problem, we
may consider the extra-Poisson variation(over dispersion or under dispersion),

truncation and censoring, as well as the time-dependent trend.
1. Extra-Poisson Variation:

For both the direct distribution model and the regression model, we can con-
sider the Gaussian-Poisson mixture model. We have discussed the direct dis-
tribution model in the analysis part. As we will see here, the idea for the
regression case is similar. In the standard Poisson regression model, the con-
ditional distribution of the “i”th observation “(y;|z;)"” has a conditional mean

function as a non-stochastic function of z;. In our mixture model, the con-
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ditional distribution of the “i"th observation “(y;|z;,;)"” has a conditional
mean function with respect to v;, i.e., p(¢), where pu is a stochastic function of
v;. A commonly used functional form is Ely;|z;, vi] = exp(z}B)v;, where the

stochastic item v; is independent of the regressors z;.

As for the standard Poisson distribution p(u), we have: E(z) = Var(z) = p.
But in the mixture model, u; = exp(z;3), and ux; = Ely;|z;, v;] = pvi, where
the unobserved heterogeneity term v; = exp(e;) may affect the mean and the
variation. There are two possibilities. In case E(z) < Var(z), we call it

over-dispersion; otherwise, under-dispersion.
2. Truncation and Censoring:

Due to the property of the scrap processing problem, we only need to con-
sider the type I censoring or the interval truncation. The direct distribution
approach uses the pseudo-distribution for the components’ whole product life
cycle and derives related distribution for the scrap rate during the manufac-
turing process. However, from the regression approach, the typical method
used is the survival model. In some cases, the accelerate survival model can

also be considered for the analysis.
3. Time-dependent Trend:

The solution for the time-dependent trend is usually the time series analysis
approach. But in our discussion, this is not the key factor that affects the scrap
rate, as only under the SCM scenario will this be a factor to be considered.
So, the simple solution is to consider a random affect factor related to the time
as an independent part in the regression model or the mean value of the scrap

rates in the direct distribution model.

4.4.4 Managerial View

In practice, as the actual situation varies from time to time, from place to place,
there is not a universal model for all cases in the scrap processing problem.

Hence, the best approach is to establish a model database and match the
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information to provide the suitable solutions case by case. We will discuss
this in more detail in the implementation part. For the model building, we
consider a developing model system as the integrated solution. This developing
model system combines the available models we have discussed early in this
section, and can provide managerial solutions for the company for advancing

to the ideal status. This includes three important stages:
Step I, Preliminary Stage

In this stage, the information about the vendors are incomplete or unreli-
able. Also, there are no consistent feedback from both the supplier and the
customer. The only reliable information for the scrap rate estimation is the
historical quality data. Hence, the only available model at this stage is the
direct distribution model, like the Gaussian-Poisson mixture model. For the
new supplier case, the quick-and-dirty method that can be used is to adopt the
worst possible policy based on the direct distribution model for the existing

suppliers to promise the operation under JIT.
Step II, Mature Stage

As the suppliers become the routine suppliers for the components, more reliable
information can be obtained from them. Yet, no accurate quality information
about the components at the supplier’s or the customer’s side is available at
this stage. This is usually the regular situation in most manufacturing com-
panies. Thus, under this stage, the regression model for the incomplete data
can be used to predict the scrap rates for the new suppliers, to provide the
analytical results for the vendor evaluation procedure and to give feedback
information to the suppliers for further quality improvement. From the man-
agement aspect, this is a very important developing stage, as the comparison
of the estimation results from the direct distribution model as well as from
the regression model can be useful criteria to improve the accuracy of the
prediction. New suppliers with related information at this stage can also be

evaluated for the scrap rates under the regression model. This can be critical
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when the manufacturer need to decide the order shift from the an existing

supplier to a new supplier.
Step III, Ideal Stage

With the establishment of the SCM system, information about the components
among the supplier, the manufacturer and the customers can be shared by
each of them. Thus, the incomplete data becomes the complete data, and
the regression model for the count data can be used to better represent the
accurate prediction. Also, the comparison between the regression models for
the incomplete data and those for the complete data will lead the system to a

learning model system.

4.4.5 Developing Model System

In summary, the managerial aspect of the developing model system is to use
the higher level model to improve the lower level model, as the regression model
vs. the direct distribution model, and the regression model for the complete
data vs. the regression model for the incomplete data. More importantly, the
mixture of those different models and the developing model system can provide
the manufacturer more flexibility and convenience for the implementation of
the JIT system. Now we summarize the models and inferences under our

developing model system as the following:
1. Direct Distribution Model for the Truncated Data

Following the notation for the multivariate random variables, suppose that a
long-time supplier has provided the manufacturer several batches of compo-
nents for the same product. Thus, the historical quality record has the scrap
rates for each batch of components at each processing stage. Let R, denotes
the scrap rate for the components of batch “k” from supplier “i” at stage “j”,
then, according to our analysis at the beginning of the modeling part, we can
establish a Gaussian-Poisson mixed model: (Rijx) = Ri; ~ N (u;, Zij), where

pij = (toPr(tto)), Pi(po) is the probability of P(z = k|uo) and 3, is the
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covariance matrix. Thus, this model can satisfy our analysis results for the

distribution and the properties of the scrap rate as the following:

(1). The average scrap rate at each process stage depends only on the supplier,
with a trend to decrease under the most situations.

(2). The covariance matrix structure depends on the manufacturing process(or
the manufacturer), with the variances depending on each processing stage and
the covariances depending on related processing stages.

(3). If we don’t consider the time related trend for the average scrap rate, then
the model can be simplified into the standard multivariate Gaussian process.
(4). On the other hand, we may also directly consider the Poisson process if

assuming that the scrap rates are i.i.d.

The next step is the inference. Here we may use the usual estimation approach,
like MLE, to obtain the parameter estimates for 4;; and .. But we can also
adopt the Bayesian approach to obtain the posterior distribution based on the
prior distribution and the likelihood function. For the so called conjugated
family, this is usually convenient to do. Thus, we may use the historical quality

data as the training data to do the prediction.

The direct distribution model is the starting point for our developing model
system. The objective of this step is to provide quick-and-dirty solutions for
the prediction under the relatively poor resources. Still, the model can be
improved through the historical quality data and the empirical properties of
the distributions. Other related distributions, like exponential, Gamma, or

more generally, Weibull can be used to better fit the data.
2. Cox PH Regression Model for the Censored Data

Suppose that (Y;, X;) are observations for subject “i”, where Y; are the direct
observations, and X; are the regressor vectors. Under the situations that we
don’t know X;, and only obtained observations on a certain interval, we call it
the interval truncated data. Under the situations that we know X;, but only

obtain observations on a certain interval, we call it the interval censored data.
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Usually, censoring involves loss of information less than that of the truncation.
Here, we may consider the truncation for the direct distribution model and

the censoring for the PH regression model.

From the proceeding analysis related to the survival analysis, we have already
known that the hazard function Ay under the discrete case is just the scrap
rate at processing stage “k”. Thus, we can simply adopt the results for our
analysis. If T is a discrete random variable taking values at stage “k” with
probability function f(k) = P(T = k),k = 1,2,---,m, then the survival

function is:

Fk) =) f(G)=>_fG)HG - k), (4.1)
ik
{ 0, <0 .
where H(z) = . And the hazard function is:
1, >0
AkzP(T=k|T_>_k)=£,—((%, k=1,2,---,m. (4.2)
Hence, we have:
i1
Fy= [T =), sy =x][a-2). (4.3)
ilizk i=1

And the discrete version of the PH model(Cox,1972) is:
F(t; Z) = Fy(t)exp(Z'B). (4.4)

If Fo(t) = [ L5k (1 = A5), then

F(t;2)= [] (1= X\)ezp(2'B), (4.5)
Jlizk
and
=1 — (1= \)e2pZ'8), (4.6)
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We can also write the hazard function for the covariates Z as:
Mt; Z)dt =1 — [1 — Mg(t)dt]=PE'B), (4.7)

where the discrete baseline hazard function is Ag(t)dt = > Ao (t — k)dt

Cox(1972) also proposed another discrete failure time regression model using
the linear log-odds approach. With the same notation, the linear logistics
model can be written as:

At Z)dt A
Nt 2yt 1-\

)( S en(Z9) (48)

The estimation of the parameters for the Cox regressioﬁ model starts from
the concept of partial likelihood proposed by Cox(1975). However, the partial
likelihood is actually not a likelihood in the usual sense as proportional to the
conditional or marginal probability of the observed events. For example, for

the discrete logistics model, the partial likelihood for g is:

exp(Skf)

Lo = e 1(EzeRd (k) exp(SiB)”

(4.9)

where Sj is the sum of the covariates associated with dj, at stage “k”, S; =
Zjﬁ 1Z1; 0 = (l1,+ - ,la,). The computation for the partial likelihood in this

case is extremely difficult.

For the discrete version of the Cox regression model, related to the hazard
function, we can take v, = log[—log(1 — A¢)] to improve the computation of

ML. The log likelihood then can be written as

LogL(y, Z (D log{1 — expl—ezp(y + ZB)} — Y exp(u + ZiB)).

k=1 leDy leDy,
where v = (71, -+ ,Ym), and the score statistics are:
OlogL BlogL i
3 2 Dbu— Y b, =D (D Zubu— Y Zuhw).
Tk leDy, leDy, k=1 leD; leDy,
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where vy = exp(vi + ZiB), b = hige™ =TT

A

Under the Newton-Raphson approach, (¥, 5) can be obtained through iteration
from the initial value (7o, Bo)-
Also, the “observed” Fisher information is:

—3logl, —8%logL

H = Hu Hi \ _ Svdy 9788
- - —82loglL.  —8%logL |’

H21 H22 g =

880y opop

where, Bva_ilz;% =Y 1ep, Ikl T Dier, Mkt
%‘%ﬁ%}% = ) 1ep, Zugrt + 2, Zrihrl,
S = S0 (Tiep, ZnZuiii + Lier, ZuFm)
and where, grr = br(e™™ + hyy — 1)(1 — e~het) 1,

If we take initial value(vyo, o)’ = (0,%(0)), and iterate
( m ) - ( o ) + H;'Cy (4.10)
B Bo

3(0) = (G1(0)32(0) (@) and 34(0) = logl-log(1 — 22,

until convergence, where

where dy, is the failure number in stage “k”. Then, the estimator of the survival

function can be obtained by

Eod

-1

F(k; 2) = ] expl—ean(3; — ZB)) (4.11)

.
i

To simplify the estimator, we can adopt the asymptotic approximation results
and apply to X = log[—logF(k; Z)], with mean X = log|—logF(k; Z)] and

variance 02 = W/ H~'W, where: W = (2% 2Xy

By 88/
hj . k-1
5.4 ==~ J<k 1504 =1 Zjh;
e T zl h] 7 —_ J =) ,
& 0 i=k 9% Y h

and where,

hj = exp(v; + Z3).
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At 8 =0, ﬁ’(k, Z) = H;:11 (1- %]1), becomes just the Kaplan-Meier Estimator.

3. Log-linear Regression Model for the Complete Data

At this final stage, we have all the quality information about the components
through their product life cycle, as well as related information about the sup-
pliers. Thus, we can use the log-linear regression model to fit the data and
predict the scrap rate. Especially, we can consider the scrap rate at the sup-
plier’s side and the defective rate at the customer’s side during a certain period
as the counterparts of the additional manufacturing stages. Then, we will have
“m + 2" stages in total with related historical quality data available to estab-
lish the model, but may only use the predicted scrap rates during the “real”
manufacturing stages for the optimal ordering quantity calculation. The man-
agerial foundation for the model at this stage is the SCM system, which we
have introduced in Chapter Two, and will discuss in more detail during the

implementation part.

Following the GLM setting, define:
pi; = B(Rij),i=1,2,-- ,n;j=1,2,--- ,m+2;

and

Inpi; =i = BT Xy,
where Xi; = (i1, Tijo, -, Tijp)' 1s the covariate vector for y;;. This estab-
lishes a regression model for the scrap rates related to supplier “i” at stage

(1334}

7’. More generally, we can use the model:

to separate the factors related to the manufacturing stages where 8 of length
p is the parameter vector of our interests and ¢ of length “m + 2” is the stage
factor vector. Then, we can obtain the log likelihood function:
Ir(6,08) =) [Rij(¢i + X50) — exp(ds + X56)]
=Y ¢iRi + Zij Rinz;’;ﬂ - Zij exp(¢i + X}; ).

Now write r; = Ry, i.e, 7 = 35, iy = Y, exp(¢s + X5 6), then,

48



lR(T, ﬂ) =Zi (Tim'ri - Ti) - Zz [ZJ .Rl.;erg - niln(zz' exp(Xijj? ))]

=ln(T; ’I’L) + lR|n[ln(/37 R)]
Note that when ‘m’ becomes too large, the MLE may not guarantee the asymp-

totically optimal properties of the estimator B.

4.5 Algorithm

For MS/SP/DP, the algorithm for the optimal ordering quantity is surprisingly

simple:

Step I. We use the historical data to estimate the scrap rate distribution for
all potential suppliers. For those existing suppliers, we use the direct distri-
bution model or the regression model; while for the new suppliers, we use the

regression model only to establish the risk structure.

Step II. Based on the estimated scrap rates and the known cost structure for
the product, we can calculate the weighted risk Z;’Ll R;;C; for each supplier.

Then, we can just rank the suppliers with the ranks in this risk.

Step III. We allocate then the sales order to the suppliers according to their
supply capacities for the components based on their risk ranks. The allocation

procedure will stop when there is £ < n satisfying;:
k-1 k
> Qi<D, Y @Q>D.
i=1 i=1

Step IV. In case there are ties in the ranks for the suppliers, and the ties
happen for the last available supplier in the sales order, we need to use other
criteria to rank the tied suppliers. For example, we can define the priority level
for all suppliers, with the existing suppliers, the suppliers with larger supply
capacity having the higher priority, etc.
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4.6 Discussion

The developing model system has both managerial and technical advantages to
us. In detail, it breaks through the border between the state of art technology
and the practice. We discuss here several general important aspects related

to the modeling technique under the developing model system.

4.6.1 Modeling and Data

Modeling is an important task for the data analysis. Usually, this seems
to be a kind of single-direction approach. We establish the model based on
the analysis of the existing data. Without data, or without necessary data,
modeling becomes a mission impossible. Yet, the developing model system
can provide guidance for the data collection itself. The historical quality data
for the scrap rates is the important first step for the modeling, and the system
will keep the advantages of those quality data and guide the extension of the
data collection to the related covariates. Thus, the more advanced parts of the
system can provide value-added solutions for the original objectives. In other
words, modeling and the data collection procedure under our developing model
system become a kind of interactive process. For example, at the preliminary
stage, even though we only need the the historical quality date within the
company for the the mixed model to forcast the scrap rate, we know that our
target is to include the related information at both customer’s and supplier’s
side. So, the data collection procedure should improve the quality to satisfy
the requirments for this target. Consequently, the improvement of the data
collection procedure will at the same time help the company to move to the
higher stage under the developing model system, hence improve the modeling

procedure.
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4.6.2 Modeling and Management

The ultimate objective of modeling is the management improvement. Yet,
under most situations, there is always a gap between the models and the man-
agement targets. In our case, different companies are at different stages for
their management and technical preparations to adopt the quantitative anal-
ysis methods. The developing model system, on the other hand, can provide
flexibility for the implementation of the models under various manufacturing
environment for any company. We recognize that the world is changing, so
good modeling technique should be able to bring the improvement for the Sta-
tus Quo under the consideration. The developing model system can provide
the possibilities for the company to establish the quantitative analysis system
even at its initial management stages. Further, the system has the capacity
to satisfy the growing requirements from the company at higher management
stages. That means, the developing model system can help improve the man-
agement with continuous efforts, instead of waiting for the management to
prepare every thing needed to adopt the models. At different management
stages, we have different models available under the same modeling system to
fit the requirements of different types of data, which is now the scenario for

most companies in the manufacturing industry.

4.6.3 Modeling and Information Systems

The relationship between modeling and the information system oriented from
the relationship between modeling and data. Under the modern manufacturing
environment, the information system is the foundation for the implementation
of the modeling technique. In our case, the developing model system is just
an integrated part of the manufacturing information system. Various models
are stored in the system and interact with the data to provide the information
needed for the decision making, like the optimal order quantity. On the other
hand, the information system can also provide the modeling technique powerful

support for the simulation. For example, we may use the computer to simulate
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the results from different direct distribution models to improve the accuracy
of the developing model system. Also, data can be organized in such a way
that the historical quality data and the data generated from the models be
compared to improve the models. At this stage, we prone to include the
developing model system as a kind of DSS plug-in for the existing information
systems to promise the value-added properties of our solutions. But in the
future, we may see the improvements in the framework of the information

systems themselves through the modeling approach at the system design stage.

4.6.4 Modeling and System Integration

The developing model system, as we have discussed, is suitable for the chang-
ing world. The successful applications of the model systems depend on many
external factors. The manufacturing system includes not only machines, but
also processes, human beings and external resources. So, a good model should
consider the factors related to the system integration. If there is no strategic
advance plan to the SCM system, then the rationales behind the developing
model system itself can be of question. As a result, modeling technique be-
comes a part of the objectives for the systems integration. For example, the
adoption of the regression model requires that we collect not only the quality
data, but also the data related to the supplier and calculate the cost structure
for the product based on the engineering data. If we have already installed the
information system, then we can simply retrieve the data, and the accuracy of
the prediction from the models depends on model assumptions. This can be
accomplished by the operators through separating the fault data. This is just
an example how the improvement in the model system and the improvement
in the systems integration can be a kind of interactive activity all the time.
Actually, the developing model system itself is just a kind of realization of the

continuous improvement under the integrated system.
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Chapter 5

Numerical Examples and

Simulation Study

In this chapter, we will use the developing model system of Chapter 4 to
analyze a case study, and construct several numerical examples under the
manufacturing company in the case study to find the optimal order quantity

through the simulation study.

5.1 Case Study

ABC Company is a large pump manufacturing company, its major products
are advanced centrifugal pumps widely used in the industry, agriculture and
environment protection area. During the past five years, the company has im-
proved its management through establishing an up-to-date computer system
and obtaining the TQM certificate for the manufacturing industry. However,
under the growing marketing competition for the standard pump products
with smaller pump manufacturers, the company decided to introduce the JIT
system for most of its standard pump product series to maintain the compet-

itive advantages in both the price and the quality.

As a key point to successful implementation of the JIT system, the logistic

and production control division is reviewing its procedure for handling the
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purchasing orders. A major issue that comes to their attention is the insta-
bility in the quality of the pump bodies which are made out of the casting
iron materials during the manufacturing process. Usually, this can be solved
through inventory control as there are always enough pump bodies available
in the warehouse to replace the scraps happened during the manufacturing
process from time to time. However, with the implementation of the new sys-
tem, this may become a bottleneck for the system as the order quantity will
be decided by the sales order(plus a safe buffer) to minimize the stock level

for those pump bodies.

The company has three product series, including a new pump series. For
all products, there are about five manufacturing stages. And for the pump
bodies, scraps can be happened at any stage. The quality problems at the
customer’s side after the delivery of the products are the responsibility of the
repair and maintainence group, a group belonging to the sales division. The
replacements for the guarantee are regarded as a kind of internal sales order
proceeded under the same scheme as the customer order. The company has
about ten major suppliers for the pump bodies, including an internal supplier
as the subsidiary casting plant attached to the company. For the external
suppliers, two of them are long-time partners with shared quality information
through the connected computer system, five of them are regular suppliers
with complete supplier’s information in the company’s computer system, this
includes an overseas supplier, and the other two are newly-developed suppli-
ers with only incomplete supplier’s information in the company’s computer
system. The company currently has three major customers for its standard
pump products. One of them is a long-time partner with shared information
through connected computer system, another is a regular customer with only
customer’s information in the company’s computer system, and the other is a
new customer with only incomplete customer’s information in the company’s

information system.

Now the company’s chief controller is facing at least the following three ques-
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tions:

1. How to estimate the scrap rate for the pump bodies during the manu-

facturing process?

2. How to establish a vendor evaluation system based on the estimated

scrap rates?

3. How to rank potential suppliers and allocate the purchasing orders with

the optimal order quantity?

5.2 Numerical Examples

Based on the case study, we can construct some numerical examples to illus-

trate the applications of the developing model system.

Suppose that we can obtain the following related information from various

resources.

1. About the customer’s order: suppose that we have three sales orders from

several customers for product A, product B and product C.

Order Number | Product Order Quantity
#1 A 220
#2 B 500
#3 C(new product) 200

Table 5.1: Existing Sales Order
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2. About the customer:

Customer | Relationship
A SCM partner
B regular

C new

Table 5.2: Customer’s Category

3. About the supplier: Supply capacity

Supplier | Relationship | Region | Supply Capacity(for all products)
A SCM partner | local 200
B SCM partner | domestic 20
C regular local 50
D regular domestic 40
E regular domestic 50
F regular local 350
G regular overseas 50
H special internal 20
I new domestic 100
J new overseas 30

Table 5.3: Supplier’s Supply Capacity

4. About the supplier: Other related information

We know that the following related information may be good regressors for

the regression analysis.

o Category: Special, Partner, Regular Value(0, 1, 2)
e Region: Local, Domestic, Overseas
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Credit rating: AAA, BBB, CCC

TQM certification: Y, N Value(0, 1)

R&D budget/Total budget: < 10, 10 ~ 20, > 20

Supply history: 1 ~ 5 year, 5 ~ 10 year, > 10 year
Yearly output: < 100, 100 ~ 500, 500 ~ 1000, > 1000

Employee number: < 100, 100 ~ 500, 50 ~ 1000, > 1000

Technical staff #/Employee #: < 15, 15 ~ 25, 25 ~ 35, > 35

We can also retrieve those supplier’s information from the computer system.

Info.\Supplier | A B C D E F G

Category P P P P R P R S
Region L D L D D L O

History 15 4 20 10 4 2 20 10
Output 1500 {500 |300 |100 |400 |50 1000 | 50
Employee 800 200 |80 30 100 | 60 400 |40
Tech % 25 31 15 40 10 12 35 10
R&D % 15 10 18 20 5 12 15 10
Credit AAA | BBB | CCC | BBB | AAA | AAA | BBB | BBB
TQM Cert. Y N Y Y N Y N N

Table 5.4: Related Supplier’s Information
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For the products, we have the cost structure information for product A and

product B, as well as the estimated value for the new product C.

Product | Stage I | Stage II | Stage III | Stage IV | Stage V
A 100 20 10 50 10
B 200 30 20 10 30
C 150 50 50 20 10

Table 5.5: Product’s Cost Structure(In US Dollars)

Also, we know the historical quality information about product A and product
B. Based on those historical scrap rates and the related supplier’s, customer’s
and product’s information retrieved from the computer system, we can con-
struct the following specific numerical examples to show the implementation

of the developing model system in the real world.

Example 5.1. Direct Distribution Model for the Truncated Quality Data

When only the empirical scrap rates are available, we may be interested in
the distribution of the scrap rates at each stage with different suppliers and
products. Then, we can compare the risks from each supplier for interested
products and rank the purchasing priority. Yet, under such situation, we can

not rank those suppliers without the supply history for the same product.

Now suppose that we have the related information about the supply history
for product A and product B(See Table 5.6). To decide the optimal order

quantity for sales order in product A, we need to rank the available suppliers.

We can establish the related Gaussian-Poisson Mixed Model for product A
from supplier A, B, C, D and F, and hence abtain the 95% upper bound value
for the estimated scrap rates(See Table 5.7 and Table 5.8).

Based on this model, we can use the simulation to obtain the 95% upper bound

value for the estimated costs related to the scrap risk(See Table 5.9).
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Then, we can rank the supliers based on those values. The result is: F-A-
C-D-B. Thus, the optimal order quantity is just: 350 to Supplier F, 200 to
Supplier A and 43 to Supplier C.

Example 5.2. PH Regression Model for the Censored Quality Data

From Table 5.4 and Table 5.6, we have both the supplier’s information and
the supply quality history about the product A from supplier A, B, F and H.
Now, we can establish a PH regression model based on those censored quality
data and use this model to predict the scrap rate for the new supplier group.
In this case, we can rank the purchasing priority for supplier A, B, C, D, F
and the new supplier group(E,G,H).

First, we use the PH regression model to predict the average risk for the new
supplier group. We run the regression on four critical factors: Category(C),
History(H), Output(O) and TQM Status(T), and have the following result:

h(t)=ho(t)exp{-9.68462(C) + 0.0717(H) - 0.00726(0O) - 5.0896(T)}

We know from this regression model that “Category” and “TQM Status” are
two most important factors related to the quality of the pump body.

Also, we can obtain the 95% upper bound value of the predicted scrap rates

for the new supplier group through simulation(See Table 5.10).

Based on this, we can further get the 95% upper bound value for the costs
related to the scrap risk for the new supplier group. The result in this case is:
291.52. Then, we have the new rank: F-A-New Supplier Group(E,G,H)-D-C-
B. And the optimal order quantity can be applied through allocating 350 to
Supplier F, 200 to Supplier A, and 46 to the new supplier group(E,G or H).
Thus, we extend the order scope from the existing supplier group to the new

supplier group.
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Example 5.3. Log-linear Regression Model for the Complete Quality Data
under SCM

As supplier A, B and customer A are the SCM partners of the manufacturer,
also suppose that Supplier C, D and F are now SCM partners, then the quality
data at both supplier’s and customer’s side can be shared by the manufacturer
through the computer system. Thus, more accurate regression model can be
established based on the complete quality data to predict the scrap rates for
potential suppliers with related supplier’s information. In this case, if we
suppose that the sales order # 1 comes from customer A, then we can use the
related historical quality data about the product A from supplier A, B, C, D,
F and customer A(See Table 5.11).

Here, the scrap rates at the customer’s side are just the defect rates within

the guarantee period after the installation and on-site testing.

We use the Loglinear Regression Model to predict the scrap rate for all new
suppliers. Based on the supply quality data, we first run the regression on three

critical factors: History(H), Output(O) and TQM Status(T). The result,
m = exp{1.97119 - 0.00389(H) + 0.00004(0) - 0.36676(T)},

where ‘m’ is the mean value of the scarp rate for the new supplier group, shows
that “T'QM Status” is the most important factor related to the quality of the
pump bodies. Based on this, we can further predict the mean value of the
Poisson Distribution for the scrap rates with Supplier E, G and H. Then,
we adopt the simulation to obtain the estimated scrap rates and then get the

estimated costs of risk(See Table 5.12).

Combining with the simulation results from the Direct Dirstibution Model
under SCM, (See Table 5.12) comparing the 95% upper bound value, we can
obtain the new rank for all available suppliers under SCM. The result is:
F-G-A-H-E-C-D-B, and hence we can obtain the optimal order quantity by
allocating 350 to Supplier F, 50 to Supplier G, and 176 to Supplier A.
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Example 5.4. Integrated Model for the Mixed Quality Data

Under most situations, we have mixed quality data. That means, for some
suppliers, like supplier A and supplier B for product A in Example 5.3, we have
the complete quality data to run the regression; but for others, like supplier F
and supplier H for product A, we only have the censored quality data to run
the regression; and for those suppliers that don’t have supplier’s information
yet in the computer system but do have some supply quality history for the
product A, we can at least start with the direct distribution model. Those
models are related and can be transfered into each other according to the
changing status of the data. For example, to supplier A for product A, we can
use the direct distribution model, the PH regression model and the log-linear
regression model to estimate the scrap rates, and we can also compare the

results of the estimates from different models to improve the prediction.

From Example 5.1 to Example 5.3, we have shown that the improvment in
prediction can be achieved through effective utilization of the available infor-
mation. In Example 5.1, we can only rank the existing suppliers: Supplier A,
B, C, D, and F. In Example 5.2, we can rank not only the existing suppliers,
but also the new suppliers as a group. In Example 5.3, we are be able to rank

all available suppliers, whether existing or new.

Further, we noticed that the PH Regression Model and the Loglinear Regres-
sion Model provided us the same conclusion about the most important factor
for the quality of the pump bodies, the TQM Status. Also, in general, the up-
per bound values of the estimated scrap rates in the Direct Distribution Model
decrese from the regular case to the SCM case, as the consideration about the
quality status at both the supplier’s and the customer’s side smoothed the
overall scrap rates. This in some aspects gives us more accurate information
about the actual scrap rates and can help us avoid unnecessary over-estimation

of the scrap rates.
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Stage\Supplier A B C D F
I 0.373724 | 0.582644 | 0.446438 | 0.475270 | 0.336820
II 0.343960 | 0.541180 | 0.408775 | 0.436368 | 0.313095
II1 0.343315 | 0.529814 | 0.408017 { 0.458806 | 0.314842
v 0.343517 | 0.539001 | 0.408007 | 0.437127 | 0.312116
A% 0.343174 | 0.544907 | 0.408007 | 0.437127 | 0.312526

Table 5.8: 95% Upper Bound Value: Estimated Scrap Rate

Supplier | 95% Upper Bound Value
A 250.3145
B 392.6344
C 297.7015
D 321.3139
F 227.7434

Table 5.9: 95% Upper Bound Value: Costs of Risk in the Supplier

Stage | 95% Upper Bound Value
1 0.6675
2 0.7875
3 0.4575
4 0.1875
) 0.1950

Table 5.10: 95% Upper Bound Value: Scrap Rate of the New Supplier Group
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Stage\Supplier A B C D F

S 0.336523 | 0.546261 | 0.43561 | 0.449766 | 0.310833
I 0.314106 | 0.419867 | 0.399637 | 0.409586 | 0.289694
II 0.313049 | 0.50892 | 0.398947 | 0.414311 | 0.290181
111 0.312828 | 0.499047 | 0.398939 | 0.438921 | 0.292396
v 0.313055 | 0.508886 | 0.398939 | 0.416466 | 0.289462
A% 0.312678 1 0.515138 | 0.398939 | 0.416225 | 0.289904
C 0.312217 | 0.490466 | 0.398939 | 0.409462 | 0.289462

Table 5.12: 95% Upper Bound Value: Estimated Scrap Rate for the Supplier
under SCM

Supplier\Stage I II II1 v V | Cost of Risk
E 0.250 | 0.425 } 0.425 { 0.500 | 0.250 268.75
G 0.325 | 0.375 | 0.400 | 0.250 | 0.375 245.75
H 0.250 | 0.375 | 0.575 | 0.600 | 0.175 286.00

Table 5.13: Estimated Scrap Rate for the Supplier under SCM
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Chapter 6

Conclusion and Extensions

6.1 Conclusion

In this thesis, we discussed the application of stochastic models for the scrap
processing problem under the JIT setting. We developed a kind of integrated
developing model system to satisfy the requirements from the changing avail-
able data status. In detail, we established three types of model for the quality
data and combined the cost structure of the product to rank the supplier and

hence obtain the optimal order quantity for the coming customer orders.

e Truncated Quality Data: Gaussian-Poisson Direct Distribution Model
e Censored Quality Data: PH Regression Model(Cox)

e Complete Quality Data: Log-linear Regression Model

Further, we analyzed the models from both technical and managerial points
of view. We concluded that the relationship between modeling technique and
management are really two sides of a knife. On one hand, the management
requirements decide the modeling technique. On the other hand, modeling
technique can push the management for continuous improvement on decision
making procedure. To better adopt the modeling technique, the management

need to implement the technical infrastructure for the JIT system.
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We focused our discussion on analysis about the scrap rate estimation in this
thesis. But, we also considered the optimal solution for the allocation of the
customer order to the order quantity of the available suppliers. We addressed
this problem through the simple LP technique, assuming that there was no
direct relationship between the scrap rate and the cost structure of the product.
However, if relax this assumption, the DP technique will be needed to derive

the optimal solution.

As we can see, the extension of the scrap processing problem from the tra-
ditional manufacturing environment to the JIT/ERP/SCM environment and
the integrated modeling system approach provided us some innovative ideas
for the research in this area. We consider those as our major contributions
in this thesis and are looking forward to developing further solutions in the

future.

6.2 Extensions

In this thesis, we considered only a special case in the scrap processing problem
under JIT. Still, many interesting further work can be done on this topic. At
least, we believe that the following extensions are good examples of such kind

of future efforts:

6.2.1 Other Processes

Considering the extension from MS/SP/DP to MS/MP/DP, MS/SP/CP and
MS/MP/CP, we can see that the extension from the single-product case to the
multi-product case is relatively easier than the extension across the category
of the manufacturing processes, ie., from the discrete manufacturing process
to the continuous manufacturing process. Under the first situation, we need
to consider the weighted value of the costs related to the product for the
ranking of the suppliers. However, under the second situation, we need to find

the suitable continuous distribution for the random process of the component
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quality status as the starting point for further statistical analysis.

6.2.2 Serial Correlated Data

There are two typies of correlated data. One type is the serial correlated scrap
rate data among different stages within the manufacturing process, another is
the scrap rate data with correlation to the cost structure of the product. For
both situations, the multivariate distribution for the random process of the
component quality status needs to be adapted for further statistical analy-
sis, and the solution will be more complex either for the modeling or for the

optimization. Anyway, this is a very interesting topic for future study.

6.2.3 Robustness and Model Validity

When we talk about robustness or model validity, we always try to prove that
the removal of certain assumptions under the model will technically not affect
the results in the practice. In our case, the developing model system is derived
under certain assumptions, like the normal distribution of the scrap rate data
in a specific stage under the manufacturing process. This is the ideal situation.
Under the actual manufacturing environment, it is possible that there are
unexpected disturbances that may contributed by the systematic or random
factors. Then, the approach for better modling is to consider other available
distributions, like Weibull distribution, or those within the exponential family.
The comparison of the simulated results with the practical data will lead to

the optimal models for different manufacturing processes.

6.2.4 Time Series Data

The developing model system uses the historical quality data to predict the
scrap rate. This is similar to the adaptive-learning mechanism. Yet there may
be a forgetting factor for the time-series data. The most recent data may differ
a lot from the not-so-recent data and are usually more important. To balance

the most recent data and the historical data, the commonly used smoothing
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technique in the time series analysis can be adapted. Further, the factors
that may cause the struture changes of the scrap rate data can be detected to

improve the developing model system. More study can be done in this area.

Also, we can relate this topic to SPC. This is very important for the continuous
process case, because the scrap rates at the prior stage may affect the scrap
rates at the following stages. Under this situation, the management need to

decide whether adopt the optimal allocation or the optimal sampling plan.

6.3 Implementation

The next step after the modeling and the optimization is the implementation.
We discuss here some important issues in this step, including: System Design,

Data Collection, Software and Integration.

6.3.1 System Design

A manufacturing control system using the modeling and optimization tech-
niques is always established on the basis of the information systems. In our
case, a stand-alone DSS including the model database and the optimization
algorithm can be designed to retrieve and support the information from and
to the information systems and the quality control system for the implemen-
tation of the optimal scrap processing under JIT. The objective of the control
system is to design and develop a learning system, which may also be called

the Automatic Order Generating System(AOGS).

from the statistical aspect, we use the historical data and related information to
establish the suitable models, and then use the simulation and the optimization
techniques to allocate the purchasing order. From the managerial aspect, we
improve the prediction through the implementation of the SCM system. The
replacement of the complete data to the incomplete data for the regression will
nevertheless increase the accuracy of the estimated values and provide better

feedback information to the system.
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For detail information about the AOGS, see Appendix.

6.3.2 Data Collection

Data collection is an important step in the implementation. In our case, all
of the data are proceeded through the information systems. The informa-
tion about the regressors can be obtained from the “supplier”, “customer”
database, the cost structure from the “product” database, and the scrap rates
from the “quality” database. Further, the information about the sales or-
der and the purchase order can also be retrieved and returned to the related

transaction databases during the process.

Under the SCM scenario, the related quality information about the compo-
nents can be obtained directly through the information systems as the inputs
for the DSS. This paperless data collection approach is both flexible and effec-
tive. The Data are collected following the principles as defined in the system
design. The establishment of the related measuring systems can also be used

to improve the modeling process.

6.3.3 Software

Based on the existing ERP system, we can develop some interface software
systems to connect the decision-making functions to the major information
systems as a kind of DSS plug-in. The interface system can include the fol-

lowing functions:

e Retrieve data from the information systems.
e Return data to the information systems.
¢ Connect to standard Statistical packages to process the simulations.

e Rank the potential suppliers for their priority in the order allocation for

a certain product.
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e Generate the optimal purchase orders for the sales orders.

The section of the software packages may depend on the purpose of the de-
signed system. For a system used for academic research and education, we can
use ACCESS as the database system, S-Plus as the Statistical package, and
Fortran and C as the programming language for the interface systems. For a
practical system, we may use the large relational database like ORACLE and
Informix, advanced Statistical package like SAS, as well as the object-oriented

programming language like C++ and Java to develop the interface systems.

6.3.4 Integration

The successful implementation of the developing model system depends on the

integration. We consider the integration at two different levels:
1. Systems Integration

At this technical level, the developing model system can be worked as an in-
tegrated part of the manufacturing control system. The entered data coming
from the information systems are proceeded through the DSS plug-in and the
critical information for the decision-making are collected and returned to the
information systems as the next generation training data. Without the infor-
mation systems and the related JIT environment, without the SCM approach,
the implementation of the developing model system can be impossible. More
importantly, the decision-making related information flow can be considered
as a part of the original information flow to help improve the design of the
information systems. This can promise the strategic and tactical flexibility

for the future development.
2. Business Integration

Any system contains both hardware and software. While the integration at
the hardware or the technical level is important, the integration at the soft-
ware level is usually more important. Here, the meaning of the “software” is

more general than the traditional definition. For a manufacturing company,
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quantitative analysis tools are only the important first step, further steps after
that are not such straightforward but usually more important for the imple-
mentation. In our case, the development in the JIT system, the efforts to the
SCM and the training of the TQM concept to the employees are all critical
factors for the operation of the system when using the developing model sys-
tem. In a changing world, standardization is the king, while the flexibility is
the queen. If we can integrate the technology with the system and the human
being, then the modeling of the scrap processing problem under JIT can be

the driver for the optimization of the processes and the quality system.

In other words, starting from the data, a developing model system can bring
back the data with value-added properties to the system and simplify the
manufacturing process toward the JIT under the SCM environment. That’s
the most important point of the system. As we are looking at the models, we
should really take care of something outside the modeling technique to best

invest our efforts for the future.
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Appendix A

A DSS Plug-in Program:

Overall Framework

[ DSS Plug-in Interface System
‘Um[ #1 USCI' #2 ---------------- User# n

Figure A.1: AOGS: Overall Framework
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Appendix B

A DSS Plug-in Program:
Generic Flow Chart(Part I)

Figure B.1: AOGS: Generic Flow Chart(Part I)
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Appendix C

A DSS Plug-in Program:
Generic Flow Chart(Part II)

Figure C.1: AOGS: Generic Flow Chart(Part II)
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