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CHAPTER I 

INTRODUCTION 

Background 

In today's highly competitive business environment, many manufacturers have 

managed to survive by adopting proven strategies or philosophies such as Supply Chain 

Management (SCM), Revenue Management (RM), Just-in-Time (JIT), Total Quality 

Management (TQM), Theory of Constraint (TOC) and so on. However, the most well 

known and long lasting proven strategy is the Just-in-Time (JIT) philosophy. The just-in-

time philosophy, which is also known as lean production in North America, was created 

and successfully implemented by the Toyota manufacturing company and has gained 

widespread popularity in Japan, the US, and many other parts of the world. Simply 

stated, the concept of just-in- time is to get the right product to the right place at the right 

time with the right quantity and quality (Cheng & Podalsky, 1996). The implementation 

of a JIT strategy requires a tremendous switch from traditional thinking. For instance, the 

inventory has to be managed piece by piece in order to achieve the zero-inventory goal. 

The production planning and scheduling processes should ensure that the product is 

completed at the right time (no sooner or no later) and machines are available at the 

appropriate time to mn the production without any delays (in other words, machine break 

down does not occur). Quality control and management is set at an extremely high 

standard (zero product defects). All resources must be available for the production to mn 

smoothly and be finished on time. Nevertheless, in practice, the "no or zero" policy is 

seldom achieved. In fact, zero-inventory is impossible to achieve in just-in-time system, 
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therefore, a small batch or small-lot is allowed. For production planning and scheduling, 

a product can be completed at a certain time interval rather than at an exact time point, or 

the product is allowed to be completed eariy or late with some reasonable penalties. As a 

result, "pure" just-in-time is hardly practiced, but with the concept of continuous 

improvement (Kaizen), just-in-time has been successfully implemented to a certain extent 

(less inventories, smaller delays, and fewer defective parts than in traditional strategies). 

As mentioned earlier, from a practical just-in-time production scheduling point of 

view, the product can be completed early or late with some penalties. The penalty from 

completing the product early is called the earliness penalty, while the penalty from 

completing the product late is called the tardiness penalty. The earliness penalty can be 

thought of as an inventory holding cost, a depreciation cost, a storage space cost, or an 

insurance premium, which is incurred from the time the product is completed until the 

time it is used. By contrast, the tardiness penalty can be thought of as a late charge, loss 

of goodwill, or even lost sales. Traditionally, both earliness and tardiness are undesirable 

and are deviations from the due date. If a manufacturer is allowed to quote a due date to 

a customer rather than the customer giving it to the manufacturer, a due date penalty will 

prevent the manufacturer from quoting the due date too far. Thus, the due date penalty 

can be thought of as the competitiveness of the manufacturer. 

In general, basic just-in-time scheduling problems deal with earliness penalty 

cost, tardiness penalty cost, and due date penalty cost. However, since the logistics play 

an important role nowadays as a result of the e-business evolution, which requires 

shipping products worldwide, a basic just-in-time scheduling problem has come to 

attention as transportation is considered. The basic and simple form of a transportation 
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consideration is delivery cost without considering the number and capacity of 

transporters. A delivery cost is incurred when the product is shipped from the 

manufacturer to the customer. In the just-in-time environment, a delivery cost is assumed 

in batch, and is thus called a batch delivery cost. The batch delivery cost is the shipping 

cost of a set of products together in the same batch. Normally, it is charged per batch 

regardless of how many products are in that particular batch. The batch delivery is 

practical in a just-in-time system because as mentioned earlier, just-in-time requires that 

inventories are managed in small-lots or small-batches, rather than one-by-one. 

In the just-in-time environment, there are many types of manufacturing systems 

that cause one company to differ from another. Companies that focus on a single product 

may have different production strategies and manufacturing systems from companies that 

produce multiple products. As a result, production planning and scheduling problems can 

occur to a certain degree from one manufacturing system to another. Nevertheless, in 

many complex-manufacturing systems, manufacturing operations can be decomposed 

into simpler forms such as single machine environments. On the other hand, many 

complex operations can be seen as a big single operation, in which a single machine 

model is appropriately applied. In fact, most of the time, the solutions from single 

machine problems can be used as a benchmark for more complex systems and the study 

of simpler forms of problems can give insightful and useful information on the properties 

and characteristics of more complex problems. As a result, the study of single machine 

scheduling problems can provide fundamental insight to more complex scheduling 

problems. 



Review of Scheduling 

Scheduling is a process of resource allocation determination over time to a set of 

tasks to achieve certain criteria (Pinedo, 1995). Machine scheduling is one of the most 

interesting areas in the operations research field. It can be simply seen in our every day 

lives, when we have to determine the order of the most important activities or events that 

we have to attend in order to achieve some specific objectives. We might think of 

scheduling problems in our daily lives such as preparing a meal or doing laundry. There 

are some specific tasks to be done, and particular resources are required such as a stove 

for dinner preparation, or a washer and a dryer for laundry. In the manufacturing 

industry, scheduling problems have the same stmcture: a set of tasks to be done and a set 

of resources available to perform those tasks. If we have predetermined tasks and 

resources, scheduling determines the order and timing of the tasks according to the 

availability of the resources. The tasks in industrial scheduling are jobs or items to be 

processed on machines, while the resources are machines, machine availability or 

machine capacity. 

Generally, a scheduling problem consists of two elements: allocation decisions 

and sequencing decisions. Some scheduling problems involve only allocation decisions 

while others involve only sequencing decisions. For those involving solely sequencing 

decisions, the schedule is completely determined by the order of the jobs. Most of the 

time, once the sequence is determined, we can easily determine its corresponding 

schedule. So the terms "sequencing" and "scheduling" are often used interchangeably. 

Scheduling involves a decision-making process as well as scheduling theory generation. 

Scheduling theory is normally a mathematical model related to the process of making a 
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schedule (Baker, 1998). The development of useful mathematical models helps to solve 

many practical or real-life manufacturing scheduling problems. However, the solutions 

to scheduling problems depend on the objectives of the particular problems. The 

objective in scheduling can be thought as a goal that the manufacturer wants to achieve. 

The goal or objective of a scheduling problem is to optimize some specific criteria or 

measurements of performance. Criteria or measurements of performance can be divided 

into three types: ttamaround, timeless, and throughput (Baker, 1998). Tumaround 

measures the time required to finish or complete a task. Examples of tumaround 

measurement are total completion time (makespan), mean completion time, mean flow 

time, maximum flow time, etc. If the total manufacturing cost resulting from the use of a 

particular schedule called the schedule cost is not primarily concemed with time but 

rather on deviations from the specific due date or deadline, a timeless measurement is 

used. Timeless measures a compliance of completion of a particular task to its deadline. 

Examples of timeless measurement are mean lateness, mean tardiness, maximum 

lateness, maximum tardiness, earliness and tardiness, etc. Throughput measurement 

measures the number of completed works or tasks in a specific period of time. Examples 

of throughput are mean number of unfinished jobs, mean number of jobs waiting, mean 

idle time of machines, and maximum idle time of machines. 

In addition, performance measurements can be broadly categorized as Regular 

performance measurement and Non-regular performance measurement. The first 

category involves criteria that have regular measurements such as mean flow time, mean 

completion time, mean waiting time, mean lateness, mean tardiness, maximum 



completion time, maximum lateness, maximum tardiness, and number of tardy jobs. The 

second category involves criteria that do not have regular measurements, that is, mean 

earliness and mean tardiness penalty, maximum earliness and maximum tardiness, 

earliness and number of tardy jobs, and absolute deviation of completion time for a 

common due date (earliness and tardiness). 

Scheduling problems can be classified according to the measurements of 

performance or according to jobs' or tasks' characteristics. The characteristics of jobs 

can be identified as static and dynamic. If a set of jobs is available to be scheduled at the 

beginning of the production and its parameter information does not change from time to 

time, it is called static; otherwise, it is classified as dynamic meaning that new jobs can 

appear over time and the parameters of jobs can change during the production. However, 

static scheduling models are more tractable than dynamic scheduling models, even 

though the dynamic models represent more realistic scheduling situations. Many times, 

static models are developed first to get the essence of a dynamic system and then 

heuristic approaches are used in dynamic situations. 

In addition, scheduling problems can be classified according to the parameters of 

the problem such as processing times of jobs, arrival times of jobs, due date, etc. If the 

parameters of the problem are known in advance or predetermined, the problem is called 

a deterministic problem. Otherwise, it is called a stochastic problem. The stochastic 

problem deals with unknown values of parameters; however, distributions of parameters 

can be approximated from the previous data. Thus, the estimation of values from the 

distributions can be used to constmct mathematical models to solve the problem. 



Problem Statement 

The problem of interest is the investigation of a common due date single machine 

just-in-time scheduling with batch delivery consideration. Traditionally, a basic just-in-

time scheduling problem deals with earliness penalty, tardiness penalty, and due date 

penalty costs, where the earliness penalty comes from completing the job before the due 

date, and thus incurs holding cost, storage space cost, insurance premium, or depreciation 

cost. In contrast, the tardiness penalty is the cost of completing the job late; 

consequently, a late charge, loss of goodwill, or even loss of sale, are possible outcomes. 

Due date penalty is a component that indicates the competitiveness of the manufacturer. 

The higher the competitiveness, the higher the due date penalty. 

The traditional just-in-time scheduling problem does not consider the delivery 

cost. Thus, it assumes that all jobs completed before the due date are delivered at a 

common due date, while each job completed late is delivered individually upon its 

completion. If the transportation cost is considered, each tardy job is not necessarily 

delivered at its completion. In fact, it might be cheaper to deliver one tardy job with 

another tardy job to save on the delivery cost. However, this will incur additional 

eariiness and tardiness costs during the time of its completion to the delivery. The 

additional earliness cost results from completing that particular tardy job before the 

delivery date. This eariiness cost can be considered as a holding cost during the waiting 

time to transport the job and therefore it can be called a pipeline inventory cost. On the 

other hand, the additional tardiness cost occurs from delayed shipping of that particular 

tardy job from its completion to its delivery date. In the case of eariy jobs, normally each 

of the eariy jobs waits to be shipped with other eariy jobs at the common due date so that 
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just one delivery cost is incurred. If we can ship the early job to the customer before the 

due date, the earliness cost is saved. However, the customer may charge the 

manufacturer for the early job that is delivered to the customer before the promised due 

date. This charge is called the customer penalty cost. 

For our problem, a batch delivery cost is added to the objective function of the 

ttaditional just-in-time scheduling problem. Hence, the objective of the problem is to 

minimize the sum of earliness penalty cost, tardiness penalty cost, due date penalty cost, 

batch delivery cost and customer penalty cost. The batch delivery cost is a shipping cost 

of a job or a set of jobs in batch to the customer. Each batch is charged with the same 

amount regardless of how many jobs are in the batch. The customer penalty cost is a cost 

charged from the customer to the manufacturer for a job or a set of jobs that are 

completed and delivered to the customer before the promised due date. 

Research Objectives 

The primary objective is to provide fundamental properties to develop scheduling 

plans so that the objective fianction is optimized. The objective function for our problem 

is to minimize the total penalty costs, which are the eariiness penalty cost, the tardiness 

penalty cost, the due date penalty cost, the batch delivery cost, and the customer penalty 

cost. The secondary objective is to combine the dominant properties of the problem and 

develop algorithms to solve the problem in a reasonable time. 

The justification of the research is applicable to the practical just-in-time 

environment, where eariiness penalty cost, tardiness penalty cost, due date penalty cost, 

batch delivery cost, and customer penalty cost are minimized. Moreover, with the 
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concept of batch delivery, the problem leads to the consideration of the logistics issue, 

which is a requirement in an e-business strategy. The justification of the single machine 

problem can be seen from a theoretical point of view, in which a single machine 

scheduling problem can be viewed as a simpler form of a more complex scheduling 

problem, or it can be viewed as a big picture of aggregated operations; thus, it is a 

fiandamental and useful problem. Furthermore, the solution from a single machine 

scheduling problem can be applied as the primary solution for more complicated 

problem. 

Research Questions 

The focus of our research revolves around the two main questions that we try to 

answer. The two main questions are: 

1. What are the approaches that we can use to solve the problem optimally in a 

reasonable time? 

2. If the time complexity of the algorithm is large for finding the optimal solution, what 

is the altemative and how does the altemative perform? 

For the first research question, we do know from the preliminary study that the 

problem can be solved optimally when the customer penalty is equal to zero and when 

the customer penalty is fixed by using pseudopolynomial dynamic programming 

algorithms. The time complexities of the algorithms are in pseudopolynomial time and 

are in the order of 0(«V„). 

For the second research question, the altemative is a heuristic algorithm based on 

greedy algorithm method, which mns in polynomial time. If the solution can be found 
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optimally in pseudopolynomial time, the heuristic can be compared to the optimal 

solution. If the solution cannot be found optimally within a reasonable time, the heuristic 

then compares to the lower bound. 

General Problem Formulation 

For ease of illustration, we consider a single-machine scheduling problem with 

batch delivery cost. A common due date and delivery date for each job has to be 

determined in order to minimize earliness penalty, tardiness penalty, due date penalty, 

customer penalties and batch delivery costs. The following notations will be used 

throughout this report unless stated otherwise: 

Notations 

a = a feasible schedule 

a' = an optimal schedule 

J =asetof}obs:{Jx,J2,-;J„] 

Ji =job/ 

Pi - processing time of J, 

Pn = tPi 
i=l 

d = completion time of 7, 

Si = starting time of J, 

d = common due date 

D. = delivery date of J, 
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[/] =jobin/' 'position 

B^ = batch k 

a. = eariiness penalty rate per unit time of J, 

fii = tardiness penalty rate per unit time of J, 

S = due date penalty rate per unit time 

A. = customer penalty rate per unit time of J, 

y = cost per batch delivery 

Ei = earliness of J, = max (0,D,-C,) 

Ti = tardiness of J, = max (0, Di-d) 

Yi = customer earliness of J, = max (0, d-Di) 

N = total number of shipments or total number of batches formed 

n = total number of jobs in J. 

Assumptions 

l . / ? > a . 

2./3>S. 

In the first assumption, we assume a job's tardiness penalty rate to be larger than 

its earliness penalty rate. Due to the fact that generally the tardiness penalty costs are 

from loss of goodwill, late charge, or even lost sale, while earliness penalty costs are 

from inventory holding cost, storage space cost, or insurance premium. Thus, this 

assumption is justified. The justification for second assumption is stated by Panwalkar, 

Smith, and Seidman (1982) that if S > ^, then d = 0. Thus, every job is processed late. 
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The single machine weighted eariiness-tardiness about a common due date with 

batch delivery and customer penalty is written in a mathematical form as follows: 

n 

Minimize Z = YS^i^i + A ^ + Pi^Y. + Sd) + yN _ 1 _ 1 
1=1 

The objective function is to find an optimal schedule that minimizes the sum of 

earliness penalty cost, tardiness penalty cost, customer penalty cost, due date penalty 

cost, as well as batch delivery cost. The eariiness penalty a^E. is incurred by completing 

Ji before its delivery date/),. The tardiness penalty p.T. is incurred when J, is completed 

after the common due date d. If the customer is somehow willing to accept an early 

shipment of a job that is completed before the due date with a penalty cost called 

"customer penalty," the customer penalty X-Y. is incurred when J, is shipped to the 

customer before its due date. If we have to give our customer a due date, the due date 

penalty 5d prevents us from promising a due date too far in advance. A large due date 

may be unsatisfactory or non-competitive for our customers. The batch delivery cost 

yNis a charge per batch delivery multiplies by the total number of batches formed. 

Regardless of the number of jobs in a batch, the charge per batch is the same for all 

batches. 

This objective fianction also considers many special cases such as the earliness 

penalty rates for all jobs are the same as well as the tardiness penalty rates and customer 

penalty rate for all jobs, i.e. replace a, with a, /?, with P, and A, with X. Furthermore, 

if the customer is not willing to accept any early shipments or the transportation cost is 
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insignificant compared to other costs, the problem can be reduced to the conventional 

earliness and tardiness problem around the common due date. 

Justification of Batch Delivery and Customer Penalty Costs 

Traditionally, when the problem does not consider the transportation cost, it 

assumes that all jobs completed before the due date are delivered at the due date and all 

jobs completed after the due date are delivered upon their completions. When we 

consider the batch delivery cost, it is obvious that the first tardy job may not necessarily 

be delivered at its completion, but rather waits for the second tardy job to be delivered in 

the same batch. As a result, it saves one batch delivery cost, but it incurs additional 

tardiness cost from delaying the first tardy job to be delivered with the second tardy job 

in the amount of p.pj, if/ is the first tardy job andj is the second tardy job. In addition, 

it incurs additional earliness cost as a resuh of holding the first tardy job for delivery with 

the second one in the amount of a ^Pj. 

When we consider the customer penalty cost, we open the opportunity for early 

shipments. Early jobs may not necessarily be delivered at a common due date. Each 

early job has an option of delivery with other early jobs before the due date, thus saving 

the earliness penalty cost from holding them until the due date. However, early 

shipments can happen if, and only if, the customer is willing to accept them with a 

penalty charge for each of the job in each early shipment. The charge is called the 

customer penalty cost. For instance, the customer may agree to pay the manufacturer 

when a job or a set of jobs arrives at the customer's door. Then, the manufacturer is 
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willing to have early shipments in order to get the money sooner and save the earliness 

penalty from holding the job or the set of jobs to the due date, but the manufacturer has to 

pay additional shipping on that particular job(s). On the other hand, the customer may 

not be willing to accept early shipments, especially if he/she does not benefit from it. In 

fact, the customer has to pay earlier than anticipated. Thus, the manufacturer may want 

to give an incentive such as a discount to the customer. If they agree to pay $100 for 

each job, the manufacturer may be willing to give a $1 discount to the customer for each 

of the jobs in each early shipment as long as the discount is less than or equal to the 

savings from the earliness penalty cost. The customer benefits from getting the job 

cheaper, and the manufacturer benefits from saving the earliness penalty cost. This is a 

win-win situation for both of them. 

Another situation involves a customer penalty cost that is not fixed but rather be 

per unit of time per item. For example, the customer is willing to accept an early 

shipment with a customer penalty rate of $1 per unit time per item. Consider a situation 

in which the first early job is completed on Monday but the due date is on Friday in the 

same week. If the manufacturer decides to ship the job after its completion, the customer 

can save the earliness cost from holding the job until Friday, but he/she has to pay an 

additional shipping plus customer penalty. In this case, the customer penalty is 4 days x 

$1 per day per item = $4. The eariy shipment is justified as long as the savings from the 

earliness cost minus additional shipping is greater than or equal to S4. 
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Dissertation Outline 

This dissertation is organized as follows. In the next chapter, the literattire related 

to this research is reviewed. We review literattire according to the problems' 

characteristics and divide them into two sections: Just-in-Time scheduling and batch 

scheduling. In the Just-in-Time scheduling section, we categorize the problems 

according to their two most important factors: due date and penalty weights, as common 

due date with constant weights, common due date with general weights, arbitrary due 

dates with constant weights, and arbitrary due dates with general weights. 

In Chapter III, common due date scheduling with batch delivery, we study the 

problem of just-in-time scheduling with batch delivery cost, where a delivery cost is the 

cost of ttansporting a job or a set of jobs in batch from the manufacturer to the customer. 

We present and provide proofs for the dominant properties for both the unrestricted due 

date case and the restricted due date case. For each case, we constmct the dynamic 

programming algorithms based on dominant properties to solve the problem optimally in 

pseudopolynomial time. We also present a heuristic based on the greedy algorithm 

method to solve the problem in polynomial time for the unrestricted due date case. 

Chapter IV, common due date scheduling with batch delivery and customer 

penalty cost, is an extension of the problem studied in the previous chapter, where the 

customer penalty cost variable is added to the objective fiinction. The customer penalty 

cost is a cost incurred to the manufacturer from the customer for having an early 

shipment of jobs completed and delivered before the promised due date. We study two 

types of customer penalties: fixed customer penalty and customer penalty rate. Along 
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with dominant properties, we propose a dynamic programming algorithm for each type, 

in which both of them mn in pseudopolynomial time. 

In Chapter V, computer simulation experiments on heuristic and analysis of the 

results, we conduct the computer simulation experiments on the heuristic studied in 

Chapter III, to see its performance under each different treatment. We use completely 

randomized 2̂  factorial design in our experiments, in which each factor has two levels 

(low and high). We constmct the hypotheses on the differences between levels of each 

factor as well as on the differences between treatment combinations. Graphical and 

statistical analyses are conducted to test the hypotheses. 

In Chapter VI, conclusions and future research, we conclude our research as well 

as provide some recommendations and potential extension. We also suggest some 

promising research areas that may hold potentials for future research. 
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CHAPTER II 

LITERATURE REVIEW 

Just-in-Time Scheduling 

Over the last three decades, the Just-in-Time (JIT) philosophy has been widely 

applied in many fields of Operations Research (OR), especially in scheduling areas. Just

in-Time scheduling deals with the earliness and tardiness of jobs that have been 

processed on machines. The concept of a just-in-time scheduling problem is to complete 

a set of jobs at the right time, not too soon and not too late. If a job is completed before 

its due date, it will incur an earliness penalty cost. On the other hand, if the job is 

completed after its due date, it will incur a tardiness penalty cost. The earliness penalty is 

from the inventory holding cost, storage space cost and deterioration cost or insurance 

premium, while the tardiness penalty is from the late charge, lost sale, and loss of 

goodwill. Thus, we may say that the earliness penalty is endogenous (determined by the 

manufacturer) and the tardiness penalty is exogenous (determined by the customer) 

(Baker and Scudder, 1990). The concept of penalizing the jobs that are completed early 

or tardy has led to the study of a non-regular performance measurement in which the 

perfect schedule is one having all jobs completed precisely at their own due date. Thus, 

the study of the just-in-time scheduling problem is also known as the study of an E/T 

problem. 

Since both earliness and tardiness are undesirable and judged by the due date and 

the rates of penalty (earliness and tardiness penalty rates), the difficulty of just-in-time 

scheduling problems are measured according to these two factors. We may easily 
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categorize the just-in-time scheduling problems according to their due date characteristics 

as common due date cases and arbitrary due date cases, and their rates of penalty 

characteristics as constant weight cases and general weight cases. If all jobs share the 

same due date, as opposed to each job having its own distinct due date, we call it the 

"common due date," otherwise it is called the "arbitrary due date." If the rates of penalty 

are constant for all jobs, i.e. a. = a and p. = p, \/i, we call it the constant weights; 

otherwise, we call it the general weights, since the weights are varied from one job to 

another job and depend on each job. The arbitrary due date case is a more general 

problem than the common due date case because the complexity of the problem can be 

reduced when we assume the same due date for all jobs. The complexity of a general 

weights case is also reduced when we assume a constant weight for each job. 

E/T Problems about Common Due Date 

In the case of a common due date, a great deal of research has been done in this 

area. We may classify E/T problems with common due date according to the earliness 

and tardiness rates into two sub-cases: constant weights case and general weights case. 

In the first case, the earliness penalty rate (a) and the tardiness penalty rate (/?) 

is constant for all jobs, while in the second case, the rate of earliness penalty and rate of 

tardiness penalty depend on each job. The following three properties hold in both sub

cases. 

Property I There exist an optimal schedule in which the schedule has no 

inserted idle time. 
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Property II The optimal schedule has a V-shaped property (jobs completed 

before the due date are scheduled according to the LPT mle and 

jobs completed after the due date are scheduled by the SPT mle). 

Property III There is one job completed exactly at the due date, given that the 

due date is large (^> ^ ^ ) (Baker and Scudder, 1990). 

Note, property three is held in the case of the unrestricted due date (d> Y,Pi )• With a 

restricted due date, an E/T problem is more difficult than an unrestricted one. 

E/T Problems about Common Due Date with Constant Weights 

Kanet (1981) is considered to be the first paper which examined the sum of 

earliness and tardiness penalties about a common due date. However, the weights or 

penalty rates for earliness and tardiness are assumed to be the same and equal to one (unit 

weight). The jobs are assigned according to the processing time and positional penalty 

weight in the sense that largest processing time of job is assigned to the smallest weight 

and so on. In addition, the due date can be found by the sum of the processing time of 

jobs in the early set. If the number of jobs is even, the number of jobs in the early set is 

equal to the number of jobs in the tardy set. If the number of jobs is odd, the number of 

jobs in the early set is equal to the number of jobs in tardy set plus one. 

Panwalkar, Smith, and Seidman (1982) treated the due date as a decision variable 

with the problem of weighted sum of eariiness-tardiness with due date penalties. 

Therefore, the due date has a penalty rate (S) and is endogenous. The algorithm is 

almost the same as Kanet (1981) but the difference is that the earliness positional penalty 
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weight includes the due date penalty. Moreover, we know how many jobs should be in 

the early set by calculating the number of jobs in the early set (k) n(P-S) This 
a + P 

problem is a general case of the previous one because the earliness penalty weight may 

be different from the tardiness weight. 

Sundararaghavan and Ahmed (1984) extended Kanet (1981) to solve the problem 

of w-identical parallel machines, in which a two-step optimal algorithm is used. The first 

step is to find an optimal partition within a set of jobs into m subsets, then find the 

optimal schedule on each machine, in which the optimal schedule is solved using Kanet's 

algorithm. They also provided a heuristic algorithm on the restricted common due date 

single machine case, which removes the assumption of a large common due date, d > P, 

where P is the summation of the job processing times. The assumption of a large 

common due date was used in Kanet (1981)'s paper. 

Bagchi, Chang, and Sullivan (1987) considered the constant weighted sum of 

earliness and tardiness penalties about a common due date. The earliness penalty rate 

(a) may be different from the tardiness penalty rate (P) and these two rates are constant 

for all jobs. The algorithm is the same as Kanet (1981). First, the positional penalty 

weights are calculated and then the jobs are assigned according to their processing times 

and the positional penalty weights, in the sense that the largest processing time is 

assigned to the smallest positional penalty weight. This problem is the same as 

Panwalkar et al. (1982) except that this paper assumed that the due date penalty (^) is 

equal to zero. 
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Emmons (1987) studied the problem of the sum of earliness and tardiness 

penalties about a common due date on identical parallel machines and uniform parallel 

machines (each machine has its own machining speed). A constant weight is assumed in 

this problem. However, the result from the constant weight case is the same as the unit 

weight case and therefore, the unit weight case is used. 

Cheng (1989) studied and extended Panwalkar et al. (1982) to the case of a 

parallel machines problem, where the due date is a decision variable. He showed that the 

optimal due date is solely dependent on the given sequence. In addition, he showed that 

the parallel machines case could no longer be solved optimally with a polynomial time 

algorithm, thus a heuristic algorithm was proposed. In this heuristic, the parallel 

machines are simply treated as m independent single machine problems. Then jobs are 

assigned according to positional weight similar to Panwalkar's algorithm. 

Raghavachari (1989) studied the weighted sum earliness and tardiness penahies 

with a given common due date. The common due date is given (exogenous) and is not a 

decision variable. He proposed a branch and bound algorithm to solve this problem with 

a heuristic algorithm to terminate the branch and bound procedure after reaching the pre-

specific value of the lower and upper bounds. 

De, Ghosh, and Wells (1991) sttidied the same problem as Cheng (1989). They 

showed that the optimal schedule could have an insertion of idle time and the property of 

having the schedule start time at time zero is not always tme in the optimal schedule. 

They proposed a simple algorithm to determine the start time for a given sequence in the 

optimal schedule. 
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Hall, Kubiak, and Sethi (1991) provided a study of the unweighted eariiness and 

tardiness about a restrictive common due date. They showed that the problem is NP-

Complete in the ordinary sense, which conforms to a well-known conjecture that this 

problem is NP-Complete. In this problem, the due date is small enough to constrain the 

schedule. They provided several optimal properties for the problem, which can be used 

to constmct a dynamic programming algorithm that mns in pseudo-polynomial time. 

Panwalkar and Rajagopalan (1992) extended an E/T problem to include the 

controllable processing time of jobs into their consideration as a decision variable. 

Therefore, their problem is the weighted sum of eariiness-tardiness penalties with 

controllable processing time. Assume a job / can be processed faster to a certain limit by 

an extra compression cost per unit of time crashed (G,). The algorithm is almost the 

same. First, the positional penalties must be calculated. Then we consider each job to 

find the minimum cost between crashing and not crashing that job to fit in each position. 

The compression of the processing time of a job can result in an earlier due date, which 

makes the manufacturer more competitive in the market because the due date indicates 

the competitiveness of manufacturer. 

Liman and Lee (1993) studied heuristics on the problem of a common due date 

with a unit weight case and provided an error bound analysis. They also gave a 

systematic guideline to determine the performance of heuristics (to see how good they 

are). In addition, they proposed their own heuristic with a complexity of 0(nlogn), which 

is proven to have a tight error bound of 50%. 

Liman, Panwalkar, and Thongmee (1996) relaxed the assumption of the common 

due date to a common due window for E/T problems, in which the objective is to 
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minimize the weighted sum of the earliness and tardiness penalty. Generally the common 

due window is an extended form of the due date case. The assumption of the due date 

has been replaced by the due window, defined by the due date plus time allowance (time 

window). The time window for each job may differ from job to job. If a time window of 

a job is zero, the due window is the same as the due date. We may say that a problem 

with a due window is a general case of a due date. In their problem the window size is 

given and the location of the window has to be determined. The due window location is 

tteated as a decision variable. 

Liman, Panwalkar, and Thongmee (1997) extended their previous model to 

consider the controllable processing time of a job as a decision variable. A job's 

processing time can be compressed with some cost. The idea is to find a schedule, which 

minimizes the earliness, and tardiness penalty costs as well as the cost of the window 

location and the cost of compression. 

Liman, Panwalkar, and Thongmee (1998) studied the E/T problem to find a 

schedule which minimizes the weighted sum of the earliness and tardiness and window 

size penalty and window location. The due window size and due window location are 

decision variables in the objective fiinction. The 0(n log n) algorithm was proposed to 

solve the problem optimally. 

E/T Problems about Common Due Date with General Weights 

In the general weights case, the eariiness and tardiness penalty rates («,,y5,) for a 

given job / may differ from other jobs. If earliness and tardiness penalty rates for a given 
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job / are the same (a. = p.) but differ from other jobs, it is a general and symmetric 

weights case. If the earliness and tardiness penalty rates for a given job / are not the same 

(a, ^ p.) and differ from other jobs, it is called a general and asymmetric weight case 

(Lann & Mosheiov, 1996). The general and asymmetric weight case is more general than 

the general and symmetric weight case. Both the general and asymmetric weight case 

and general and symmetric weight case are NP-Complete (Baker, 1998, p. 5.15). 

However, the three properties stated before still hold for both symmetric and asymmetric 

cases. 

Quaddus (1987) studied the same problem as Panwalkar et al. (1982) with a 

general weight for a single machine. His problem is a generalized version of the constant 

weight case. However, he assumed priority for the jobs. He formulated the problem as a 

linear programming problem and used duality to find the optimal solution. 

Hall and Posner (1991) gave a good review of many E/T problems. Then they 

gave optimal properties for the weighted earliness and tardiness penalties about common 

due date problem, where each job has a general symmetric weight. Thus, the weight of a 

job does not depend on whether the job is early or late, but weights may vary between 

jobs. They assumed that the common due date is big enough such that it will not 

constrain the schedule and they developed a polynomial time algorithm to solve the 

identical processing time case. The non-identical processing time has been shown to be 

NP-Complete. 

Lee, Danusaputro, and Lin (1991) studied single machine scheduling problems 

about a common due date due date to find the weighted sum of the number of tardy and 
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weighted earliness and tardiness. They assumed that the jobs have an agreeable ratio 

condition, i.e. /?,,/a,, < Pjjaj => p,./A -PJIPj • They provided a pseudo-polynomial 

dynamic programming algorithm to find the solution when the common due date is a 

variable and the jobs have an agreeable ratio. For the case of a given common due date, 

dynamic programming is used. They also provided that if an agreeable ratio is not 

satisfied, the problem is NP-Complete in a strong sense. 

De, Ghosh, and Wells (1993) studied a problem with some restrictions that the 

early shipments are prohibited, and the tardiness penalty cost is fixed (does not depend on 

the amount of tardiness). They provided that the optimal solution has early jobs that are 

in a non-decreasing order of weight to processing time ratio while tardy jobs can be in 

any order. Then they provided a dynamic programming algorithm to solve the problem 

along with a heuristic algorithm. 

Dileepan (1993) provided a heuristic for a problem with a large common due date. 

He showed that the optimal schedule has the sum of earliness weights no less than the 

sum of the tardiness weights. This heuristic works by putting all jobs on the eariy side in 

weighted largest processing times sequence and then trying to move the job to the tardy 

side with an improvement in objective function. Jobs on the tardy side are ordered 

according to the weighted smallest processing time. 

Zheng, Nagasawa, and Nishiyama (1993) assumed that weights are 

asymmetrically convex in completion time. They presented some conditions necessary 

for the optimal schedule, such as no inserted idle time, V-shape, and the largest 

processing time job is processed first. This algorithm was tested for many problems with 

a different number of jobs up to 40 jobs. 
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Azizoglu and Webster (1997) considered E/T problems with arbitrary earliness 

and tardiness penalty rates about common due window. The problem is NP-Complete. 

They presented the properties of an optimal schedule and lower bound. In addition, they 

tried to solve it by applying a branch and bound method using a computer and 

representing the results in terms of CPU time. 

Panwalkar and Liman (2001) presented a special case of a single machine with 

arbitrary weighted sum of earliness and tardiness penalties about the common due date 

with unit processing time. They showed that this special case problem can be 

ttansformed into an assignment problem of size n x 2n, where n is the total number of 

jobs. 

E/T Problems with Arbitrary Due Dates 

E/T problems with arbitrary due dates cases are more general than the common 

due date cases and can be separated into two sub-cases. The first group has a constant 

rate of earliness penalty and a constant rate of tardiness penalty for all jobs (constant 

weights case). The second group is a general case of the first one, in which the rate of the 

eariiness penalty and the rate of tardiness penalty for each job may differ from job to job 

(general weights case). The arbitrary due dates means that each job can has its own due 

date, which differs from the other. If all of the jobs have the same due date, we call it a 

common due date case. 
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E/T Problems with Arbitrary Due Dates and Constant Weights 

Seidman , Panwalkar, and Smith (1981) studied the problem to minimize the sum 

of lead time, eariiness, and tardiness penalties. The lead-time penalty is the time 

difference from the assigned due date and customer expected due date. They treat the 

due dates as decision variables. The problem tums out to be easily solved, even though 

the different due dates tend to add more difficulty to the problem. They showed that the 

optimal solution can be obtained when the SPT algorithm is used in conjunction with 

their due date assignment procedure. The problem can be solved in polynomial time. 

Chand and Chhajed (1992) studied a special case problem where the penalty for a 

job is assumed to be a linear function of due date and the job's earliness and tardiness. 

They also considered two sub special cases, where the number of jobs assigned to the due 

dates is given and the number of jobs assigned to the due date is unknown. In the first 

case, the problem can be solved in 0(«log«), while the second case, the problem can be 

solved in 0( P^^ nlogn), where PJ is the total number of ways to partition n jobs into m 

groups. 

E/T Problems with Arbitrary Due Dates and General Weights 

In these problems, the due date for one job is different from another job, and the 

earliness and tardiness rates or weights are not constant. Therefore, the penalty rates and 

due dates vary from one job to another. The E/T problem with arbitrary due dates with 

general weight is proven to be a NP-Complete problem and the property I and property II 

do not hold (Baker, 1998, p. 5.16). 
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Fry, Amstrong, and Blackstone (1987) studied the problem of a single machine 

with multiple due dates to minimize the weighted sum of eariiness and tardiness 

penalties. If the idle time insertion is allowed, the problem can be formulated as a linear 

programming problem. They also proposed a heuristic algorithm, which gave an average 

of 2% deviation from the optimal solution in 75 tests. 

Ow and Morton (1989) considered the same problem sttidied by Fry et al. (1987). 

They presented a heuristic using a Filtered Beam Search procedure. The beam search 

algorithm is a heuristic search method, which finds a quick and good solution because it 

searches multiple candidates in parallel without backtracking and it chooses only the best 

solution at each stage. In their experiment, this method gave a good result with a small 

search tree. 

Yano and Kim (1991) studied a special case where the weights are proportional to 

the processing time of the respective jobs. They proposed an algorithm to find an optimal 

solution using dynamic programming to find the optimal timing of jobs when the 

sequence is given. A simple sorting algorithm is then used with some certain conditions 

to find an optimal solution. In addition, they presented a heuristic algorithm, which 

utilizes many sorting procedures and a simple pair-wise interchange method. The 

heuristic gave a good solution in a reasonable time. 

Batch Scheduling 

Batch scheduling problem is the problem of finding a schedule that allows jobs to 

be processed in batches rather than processed individually with minimum costs. It is 

more practical to see the scheduling problems as the batch scheduling problems, due to 
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the fact that processing jobs in batches is more economical than processing them 

individually. Even in the just-in-time environment or lean production environment, 

single item processing may not possibly be achieved. In fact, JIT and lean production 

consider processing jobs in "small batches" rather than single ones. When we add the 

batching consideration to a scheduling problem, it makes the scheduling problem much 

more complex, but yet much more interesting for a real production environment. The 

most important questions and decisions of batch scheduling are how many jobs should be 

in the batch and what jobs should be grouped together to form a batch. 

Another aspect of batch scheduling problem is the batch delivery-scheduling 

problem. The batch delivery-scheduling problem is the problem of finding a schedule 

that allows the job to be delivered in batches with a delivery cost associated with each 

batch. The batch delivery cost makes the problem more interesting since in the real 

world there are transportation costs incurred when delivering jobs to the customer. Or 

even in the factory, there are intemal transportation costs to move jobs between 

machines, facilities, buildings, etc. For the JIT scheduling problem, generally no delivery 

cost is assumed. Thus, all eariy jobs are delivered at their own due dates, while all tardy 

jobs are delivered upon their completions. If the problem considers delivery cost, one job 

might be shipped with other jobs and save some delivery costs. Thus delivery cost has an 

important effect on machine scheduling. The following section is a review of literattire 

involving batch scheduling and batch delivery. 

Gilmore and Gomory (1964) studied the problem about a job sequencing with a 

state change. Each job has two states, A and B. In starting to process job / the machine 

has to be in state Ai and after finishing job /, the machine has changed the state to 5,. 
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Before processing a new job (say job Jj), the machine has to be changed back from state 

Bi to Aj. There is a cost Cy of changing the state from 5, to Aj, if job Jj follows job J,. 

Hence, we want to find a schedule of jobs that minimizes the cost of changing the states. 

The authors showed that the problem can be formulated as a Traveling Salesman Problem 

(TSP). The Job / is formulated as a node or city / and the cost of changing the state from 

Bi to Aj is formulated as the distance from node / to nodey. We want to find the 

minimum distance or cheapest distance to go to each node once. An example of this kind 

of problem involves a fumace with temperature being a state variable. There are some 

jobs that have to be processed in the fumace. Job ith will start to process at temperature 

Ai and then finish at temperature 5,. In order to process the next job (job/''), the 

temperature has to be changed from 5, to Aj. There is a cost/(xj for heating the fiimace 

one degree and a cost g(x) for cooling the fumace one degree. We want to find the 

schedule that minimizes the cost of changing the state of the jobs. 

Cheng and Kahlbacher (1993) studied a scheduling problem with delivery and 

earliness penalties. The problem is a combination of finding partition jobs into batches 

and sequencing jobs in each batch to process on a single machine. Jobs are assigned into 

batches and then each batch is assigned a delivery date in which all jobs within the batch 

will be delivered together. Each batch has a cost associated with it. When a job is 

finished before the assigned delivery date, it must wait in the system until the delivery 

takes place, thus incurring holding cost, insurance premium, storage cost, etc, which are 

considered to be the earliness penalty. The problem is to find a simultaneous schedule to 

process jobs on a single machine to minimize batch delivery cost and earliness penalty 

cost. They showed that the problem is NP-Complete in the case of general earliness 
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weight and no solution has been proposed. However, they proposed a special solvable 

case where the eariiness penalty is constant. Their algorithm has a time complexity of 

0(«^log«). 

Herrmann and Lee (1993) considered a single machine with general weighted 

eariiness-tardiness and batch delivery cost about the given common due date. They 

assumed that all early jobs are delivered at a common due date and incur one batch 

delivery, while the tardy jobs can either be delivered at their own completions or wait for 

other tardy jobs to save delivery cost. If the first tardy job waits for another tardy job, it 

will incur extra tardiness from delaying its delivery, and extra earliness from completion 

prior to the delivery date. They argued that a problem with generalized weights and 

delivery cost is NP-Complete because even with no delivery cost, the problem is NP-

Complete, as proven by Hall and Posner (1991). There is no mathematic proof for NP-

Completeness to the problem, but they presented some optimal properties, which later 

were used to constmct two dynamic programming algorithms. In addition, they 

presented many polynomial solvable cases, where all of the processing times are equal 

with no earliness penalty. For the general case, they gave only dominant properties for 

the problem. There was no algorithm presented for the general case, where jobs have 

general weights and the common due date is given and restricted. 

Cheng and Gordon (1994) proposed a solution to the problem of a single machine 

with batch delivery and general weighted earliness. This problem was the same problem 

proposed in Cheng and Kahlbacher's (1993) paper, in which it was proven to be NP-

Complete, but there was no solution provided for a general case. In this paper, they 

proposed two pseudopolynomial dynamic programming algorithms, when the number of 
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batches has a fixed upper bound. In addition, they proposed a polynomial time algorithm 

for a special case where the processing times of all jobs are equal. The time complexity 

of the polynomial time algorithm is 0(g«log n), where Q is the upper bound on the 

number of batches. 

Chen (1996) extended Herrmann and Lee (1993) by treating the common due date 

as a decision variable. The problem is to find an optimal schedule that minimizes 

constant weighted eariiness-tardiness, batch delivery cost, and due date penalty. He 

considered only constant weight case. He showed that the batch SPT presented by 

Herrmann and Lee (1993) still holds as well as the property of no inserted idle time. In 

addition, he presented the statement that the number of early jobs (m) should be satisfied 

n(P-S) 

a + p 
< m < n(p-s)^ r 

a + p (a + p)p„ 
+1 . He proposed a dynamic programming 

algorithm based on three dominant properties presented above to solve the problem. His 

dynamic programming algorithm has time complexity of 0(«^) 

Cheng, Chen, Kovalyov, and Lin (1996) considered the problem of batch 

scheduling on m identical parallel machines. The problem is motivated from the problem 

of scheduling part-type production in flexible manufacturing systems (FMS). The part-

types are mounted on pallets and are processed by multipurpose machining centers. Each 

pallet (or batch) requires a setup time before it is processed by machine. Since standard 

pallets are normally used, the set up times of each pallet are assumed to be the same as 

well as the pallet capacity. If we fill the pallet to the full capacity, it may incur more cost 

due to a longer pallet processing (batch processing) time. On the other hand, if we use 

more pallets (we do not fill the pallet with full capacity), it will incur more setup time for 
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each additional pallet. Hence, the problem is to find the optimal number of jobs on a 

pallet as well as the optimal assignment of pallets to different machining centers and the 

optimal order of batches on the machines. The authors presented some optimal properties 

and then developed a dynamic programming algorithm, with a time complexity of 

0(mn'"* ) . They also considered a special case where processing times of jobs are 

identical, in which they can be reduced to the single machine case and solved by using an 

existing algorithm. 

Cheng, Gordon, and Kovalyov (1996) showed that the problem of single machine 

with weighted eariiness penalty and delivery cost is related to the parallel machines 

problem. In fact, they give a conjecture that the problem of partitioning jobs into batches 

and sequencing jobs in each batch is the same as assigning jobs into parallel machines 

and sequencing jobs in each machine. Then they proposed solving the problem by using 

dynamic programming developed for parallel machine scheduling problems to solve this 

problem in many special cases. They also modified some dynamic programming 

proposed by other papers for solving parallel machines to solve their problem with 

different types of earliness penalty fiinction. 

Cheng and Kovalyov (1996) studied the problem of single machine batch 

scheduling with due-date assignment. They assumed that there are n groups of jobs to be 

processed by a single machine and each group contains identical jobs, which can be 

partitioned into batches. There is an independent machine setup time between any 

consecutive batches of different groups. While a machine is being setup, the machine can 

not process any jobs. The machine can process only one job at a time. A due-date d has 

to been determined. The objective is to find a schedule that minimizes the sum of the due 
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date penalty and weighted number of tardy jobs. They showed that the problem is known 

as NP- hard for the following cases: Equal weights, unit job processing times; Equal 

weights, equal setup time; A single job for each group, zero setup times; A single job for 

each group, zero job processing times; Equal weights, equal numbers of jobs for each 

group; Equal weights, equal setup times, equal job processing times; Equal setup time, 

equal job processing times and equal number of jobs for each group. They presented 

dynamic programming to solve many special case problems and a full polynomial 

approximation scheme for the general case problem. 

Yuan (1996) showed mathematic proof for the problem studied by Herrmann and 

Lee (1993), which is a single machine scheduling with general weight earliness and 

tardiness and batch delivery cost. He showed that the problem is strongly NP-hard by a 

simple reduction from 3-Partition. 

Agnetis, Pacciarelli, and Rossi (1997) considered the batch flow shop 

environment with the capacity of buffering between machines scheduling problem. They 

stated that the problem is NP-hard even without a batching assumption and the capacity 

of the buffer between two machines is limited. In the problem, there is a flow shop with 

two machines M\ and M2 and there is a limited capacity or space between the two 

machines called c. If c = 0, the problem is known as "no-wait flow shop" and can be 

solved by applying Gilmore and Gomory's algorithm. If the buffer is unlimited, the 

problem can be solved by Johnson's mle. They showed that if the batch is large enough, 

the problem will reach the steady state; hence it can be solved by Gilmore and Gomory 

(1964). When the processing time of jobs in the same batch is constant on both machine 

1 and machine 2, the steady state may never be reached. 
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Chen (1997) considered the problem of minimizing the total eariiness-tardiness 

penalties with the batch setup times. He assumed that all jobs in the same batch have a 

common due date that is either predetermined from the customer or determined as a 

decision variable. Thus two problems are examined respectively. For the first problem 

of minimizing total earliness, and tardiness with given due dates, he provided proof that 

the problem is NP-hard even though there are only two batches to consider and the two 

unrestrictive due dates. For the second problem of minimizing total earliness, tardiness 

and due date penalties, he presented some optimal properties and dynamic programming 

algorithms for the case of only two batches. The algorithm has a time complexity of 

0(n ). He also studied some special cases for both problems when all common due dates 

for different batches are all equal. He then gave two dynamic programming algorithms to 

solve these two special case problems with a condition of unrestrictive large due dates. 

For the first problem, the algorithm mns with time complexity of O r 26-3 

Cheng, Kovalyov, and Lin (1997) considered a more general case of a single 

machine with weighted earliness and delivery costs. They added a constant set-up 

between each batch into consideration, where the new objective function is to minimize 

the weighted earliness cost, delivery cost, and mean batch delivery time. The batch 

delivery time is the completion time of the last job in a batch. They showed that the new 

problem is NP-Complete in a strong sense, thus many special cases have been studied. 

Even in the case where set-up time is zero, the problem is still NP-Complete in the 

ordinary sense. Then they proposed dynamic programming to solve this case. In 

addition, they proposed an algorithm for the case of unit processing time and constant 
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weight for all jobs, which mn in O(n^). Moreover, they presented many heuristic 

algorithms for general case, which gave near optimal solutions according to their 

experiment. 

Ghosh and Gupta (1997) studied the problem of single machine batch scheduling 

to minimize the maximum lateness. Batch scheduling occurs when there are job families 

and setup requirements between these families. They provided proof for the problem that 

it is strongly NP-hard even for a single due date, one job per family, and two distinct 

setup times. However, it is polynomial solvable for a fixed number of job families. 

Moreover, they showed that the problem is NP-hard even for either two distinct due 

dates, two jobs per family, and arbitrary setup times or three distinct due dates, three jobs 

per family, and equal setup times. However, it is pseudo-polynomial solvable for a fixed 

number of distinct due dates and polynomial solvable for a fixed number of job families. 

They also showed that there is an optimal schedule for the problem in which all jobs from 

a given family are processed in the eariiness-due-date-first (EDD) order. Finally, they 

presented dynamic programming algorithms to solve the problem. Their dynamic 

programming algorithms are the improved version based on Monma and Potts (1989) 

algorithms. 

Kovalyov (1997) provided proof for many special cases presented in the Cheng 

and Kovalyov (1996) paper, where there are equal setup times and equal job processing 

times. These special case problems were proven to be NP-hard, by reduction to the 

Partition problem. 

Potts and Kovalyov (2000) provided an excellent review on batch scheduling. 

They classified the papers according to problem characteristics such as batch availability 
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and job availability. Batch availability is defined as a job that becomes available when 

the batch in which the job belongs has been finished. In job availability, a job becomes 

available immediately after it has been processed regardless of the batch status. They 

also adopted the 3 fields standard classification notations for scheduling problems, which 

follow Graham, Lawler, Lenstra, and Rinnooy Kan (1979) as follows: xj/J \i/21 \j/-^. The 

first \j/^ defines the scheduling environment such as single machine, flowshop, jobshop, 

open shop, etc. The second ^̂ 2 defines the job characteristics and some restrictive 

requirements such as preemption, non-preemption, common due date, common 

processing time, etc. The last \i/^ defines the objective or type of measurement of the 

problem such as maximum completion time, maximum lateness, total weighted eariiness-

tardiness, weighted number of late jobs, etc. Under job availability assumption, they 

classified reviewed papers as single machine, parallel machine, shop problem, and 

identical jobs. Under batch availability, they classified the paper according to single 

machine, parallel machine, and shop problems. In addition, they reviewed papers on 

batch delivery scheduling problems and multi-operation jobs scheduling problems. 

Wang and Cheng (2000) studied parallel machine scheduling with batch delivery 

cost. The objective is to minimize the sum of the total flow time and delivery cost. The 

total flow time is related to work in process (WIP) in the system. The batch delivery date 

is defined as the completion time of the last job in the batch. The cost of the batch 

delivery depends on the number of deliveries. The problem is proofed to be NP-

Complete in an ordinary sense for AM = 2 and in a strong sense when m is arbitrary. Then, 

the authors proposed a solution using pseudopolynomial dynamic programming 
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algorithm, when m is constant and the number of batches has a fixed upper bound. They 

also proposed polynomial solutions for special cases, where job sequence is 

predetermined in the first case, and all jobs have the same processing time for the second 

case. 

Yang (2000) considered the problem of single machine scheduling with 

generalized batch delivery dates and earliness penalties. The generalized delivery dates 

are given a-priori before any jobs are processed and are unrelated to the jobs and 

processing order. He considered two types of earliness cost problems: one is the total 

earliness, while the other is the maximum earliness. He provided proofs for these two 

problems. Both problems are NP-Complete in a strong sense even with two generalized 

batch delivery dates. Then, he proposed a polynomial time algorithm for a special case 

where the processing times are equal. The algorithm mns in O(nlogn). 

Hall, Lesaoana, and Potts (2001) considered many scheduling problems under the 

fixed delivery dates. They assumed two types of fixed delivery dates: the number of 

delivery dates is constant and the number of delivery dates is arbitrary. For each type of 

fixed delivery dates, they considered a variety of deterministic scheduling problems such 

as single machine, parallel machine, flowshop, jobshop, and open flow shop in which a 

job is delivered to a customer at the eariiest fixed delivery date which is no eariier than its 

completion. For almost all problems, the authors provided an algorithm or proof that the 

problem is NP-Complete. 

Lee and Chen (2001) considered many scheduling problems with transportation 

considerations. There are two types of transportation considerations; inside a 

manufacttiring facility and outside the manufacttiring facility. The first type can be seen 

38 



as AGVs (automated guided vehicles), conveyors, etc, while the second type can be seen 

as tmcks, containers, etc. The authors considered many scheduling problems with typel 

and type 2 transportation under single machine, parallel machine, flowshop environments 

with the objective either to minimize maximum completion time or sum of completion 

time. The scheduling problems with type 2 transportation are considered to be a special 

case of typel by treating the track's destination as the last machine with zero processing 

time under the flowshop environment. The authors either provided the proof that the 

problem is NP-complete or algorithms to solve the problem. 

In the next chapter, we study the common due date Just-in-Time scheduling 

problem with batch delivery, where the objective is to minimize the total earliness, 

tardiness, due date penalty, and batch delivery costs. We provide the solution to the 

general problem. In addition, we present some special cases of the problem that can be 

solved optimally in polynomial time. 
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CHAPTER III 

COMMON DUE DATE SCHEDULING WITH 

BATCH DELIVERY 

Introduction 

In this chapter, we study the problems of single machine just-in-time scheduling 

with batch delivery. A job completed before the common due date, called an eariy job, 

incurs a cost of eariiness such as storage space cost, insurance premium, deterioration 

cost etc. To save the eariiness cost, the job may be either shipped upon its completion to 

the customer thus incurring zero eariiness cost plus a delivery cost for that particular job, 

or waits to be shipped (in batch) with the next eariy job thereby incurring earliness cost 

for the first eariy job plus one batch delivery cost for both jobs. Thus, there is a trade off 

between earliness cost and delivery cost. A job completed after the common due date, 

called a tardy job, has a tardiness penalty cost such as late charge, loss of goodwill, or 

even lost sale. Without considering delivery cost, a tardy job is shipped upon its 

completion in order to minimize the tardiness cost; but with delivery cost, it may be 

cheaper to delay shipping the tardy job until the delivery time of another job. This delay 

saves one delivery charge, although it incurs an additional holding cost (earliness cost) 

and an additional tardiness cost from delaying the job from being shipped at its 

completion. Hence, there is a trade off between delivery cost, tardiness cost and earliness 

cost. Each batch delivery cost is assumed fixed and independent of the number of jobs in 

batch. 
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We distinguish the problems into two main cases: (1) unrestricted common due 

date case, and (2) restricted common due date case. With regard to the first case, the 

common due date of all jobs is to be determined by the manufacturer and it is large 

n 

enough not to constrain (not to restrict) the schedule ( J > ^ p,, ). Therefore, we can 

1=1 

position the common due date anywhere in our production schedule to minimize the total 

cost in the problem objective function. The problem's objective is to find a schedule that 

minimizes the total weighted earliness penalty cost, the total weighted tardiness penalty 

cost, and the due date penalty cost as well as the total batch delivery cost (number of 

batches formed). The objective function can be written in a mathematical formula as: 
n 

M i n i m i z e Z = 2 ] ( ^ ^ ' + / ^ ^ + ^ ) + ^ . 3.1 

In the second case, the common due date is given by the customer and it 

n 

constrains (restricts) the schedule (d <^Pi ). Hence, the position of the common due 

1=1 

date in the production schedule is fixed (given by the customer) and it restricts the 

schedule in the sense that it will make one or more jobs completed late. The objective for 

the problem is to find an optimal schedule that minimizes the total weighted earliness 

penalty cost, the total weighted tardiness penalty cost, and total batch delivery cost 

(number of batches formed). The objective fiinction can be written in a mathematical 

formula as: 
n 

MinimizeZ= Z ^ " ^ , + ^ ^ ) + ^ . 3.2 
1=1 
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Unrestricted Due Date Case 

In the case of the unrestricted due date, the due date is assumed large (c? > ^ / ? , ) 
1=1 

and is determined by the manufacturer. The following properties and lemmas are 

constmcted, proved, and used for pseudo-polynomial dynamic programming algorithms. 

The properties and lemmas are assumed to hold for both unrestricted due date and 

restricted due date cases, unless stated specifically for each case. 

Property 3.1 There exists an optimal schedule cr' such that jobs are processed 

continuously from starting time of the first job to the completion time of 

the last job without any idle time. 

Proof Suppose there exist an optimal schedule a with an idle time bd between two 

jobs: Ji and Jj in which Jj follows J,. Suppose J, and Jj are the early jobs, the eariiness 

penalty cost can be reduced by ts.t, if we shift 7, to adjacent to Jj. Similarly, suppose Jj is 

tardy, the tardiness penalty cost can be reduced by A ,̂ if we shift Jj to adjacent to J,. 

Therefore, cr cannot be the optimal schedule. 

Property 3.2 There exists an optimal schedule cr* such that jobs in any batch are 

sequenced by LPT, and the tardy jobs are in batch-SPT order, while the 

early jobs are in batch-LPT. 

Let Bkhe a set of jobs delivered at A:-th batch 

Lemma 3.2.1 In an optimal schedule, for any k and any number of jobs in Bk, the 

jobs in Bk are sequenced in LPT order. 

Proof For early jobs, suppose there exist an optimal schedule a where there is Bk, Ji, Jj 

such that Ji is adjacent to Jj and J, precedes Jj with pi<pj. By interchanging J, and Jj, the 
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earliness of J, decreases hy pj and that of Jj increase hyp,. The total earliness cost is 

reduced by (pj - p. )a . Therefore, cr cannot be the optimal schedule. 

For tardy jobs, suppose there exist an optimal schedule cr where there is Bk, Ji, Jj 

such that Ji is adjacent to Jj and J, precedes Jj with Pi<Pj. By switching J, and Jj, their 

tardiness stays the same, but the earliness cost is reduced by (p - p, )a. Therefore, 

cr cannot be the optimal schedule. 

Lemma 3.2.2 For tardy batches, there exist an optimal schedule such that for all k>0, if 

Ji is in Bk and Jj is in Bk+i, then p. < Pj. We call this property batch-SPT. 

Proof: Because Lemma 3.2.1 is tme, the condition of Lemma 3.2.2 is tme if and only if, 

for all k, p, < Pj where J, is the first job of Bk and Jj is the last job of Bk+i. Call this 

statement Ti. 

Suppose that there exist an optimal schedule such that for some k and appropriate 

Ji and Jj, Pi> p (see Figure 3.1). Now let Â  be the number of jobs in 5^ and let M be 

the number of jobs preceding Jj in Bk+i. Therefore, there are M+\ jobs in Bk+i. 

N jobs 

i \ \ 

M+1 jobs 

1 -̂  
0 B, B 

k+l 

Figure 3.1 Tardy batches in Lemma 3.2.2. 

\fM<N, make a switch between 7, and Jj. From Figure 3.2, the eariiness and 

tardiness penalties of all jobs not in Bk and 5^+/ are the same. The tardiness of each of the 
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Mjobs in Bk+i before J, is the same, but the eariiness of each of the Mjobs is increased by 

Pi-Pj. Jj takes up the eariiness J, lost while the total tardiness between J, and J, decreases 

hypi-pj. For the job in Bk, the eariiness of each job is the same. The tardiness of each of 

the A în Bk is decreased bypi-pj. The net change in cost is M(p. - p .)a-(p,-p .)P 

- N{Pi - Pj )P and is negative because N > M and p > a , meaning that the schedule is 

improved by switching J, and Jj. 

Njobs M+1 fobs 

J 

0 B, B k+l 

J \ \ i 

0 d B, B k+l 

Figure 3.2 M<N and switch between J, and Jj. 

If M > N, place Jj in the last position of 5^. The earliness and tardiness of all 

jobs besides Bk and Bk+i are unchanged. Now let P be the sum of the processing times of 

the M+1 jobs that were in Bk+i. From Figure 3.3, each of the Njohs in Bk has its 

earliness increased byPy and its tardiness increased hyp,. Jj gains no earliness but does 

lose tardiness by P-pj. For Bk+j, each of the M remaining jobs loses earliness by py. The 

total change in cost is Npj (a + p)-(P- Pj )p - Mp.a . Since Jj is the smallest job in 

Bk^i (by Lemma 3.2.1), then P>(M + \)p .^. Therefore, the change in cost is bounded by 
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Npj (a + P)- MpjP - Mp.a = (N- M)pj (a + P). Because M >N, this term is less 

than or equal to zero, as a result the net change is either zero or negative. 

0 

Njobs 

B, 

M+1 jobs 

J 

B k+l I 

i J 

0 B, B k+l 

Figure 3.3 M > A'̂ and place Jj in the last position of Bk. 

After the interchange, J, and Jj, for each of 5^ and Bk+i, rearrange jobs by Lemma 

3.2.1, which does not increase the objective fianction. Repeat these steps until statement 

Ti is tme and we will have a schedule that is no worse than our original schedule and thus 

is optimal. 

Lemma 3.2.3 For early batches, there exist an optimal schedule such that for all k>0, if 

Ji is in Bk-j and Jj is in Bk, then p,, > Pj. We call this property batch-LPT. 

Proof Since Lemma 3.2.1 is tme, the condition of Lemma 3.2.3 is tme if and only if, for 

all k, Pi> p where J, is the last job of Bk-i and Jj is the first job of 5^. Call this 

statement T2. Suppose that there exist an optimal schedule such that for some k and 

appropriate J, and Jy, p, < p^ (see Figure 3.4). Nowlet Â  be the number of jobs 

preceding Ji in Bk-i- Thus, Bk-i has a total N+l jobs. Let M be the number of jobs in Bk. 
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N+l jobs 

\ 1 i 
Mjobs 

J 

0 B k-i B. 

Figure 3.4 Early batches in Lemma 3.2.3. 

If M <N, place J, in the last position of 5*. From Figure 3.5, the eariiness and 

tardiness penalties of all jobs not in Bk-i and 5* are the same. The eariiness of each of the 

Mjobs in Bk is increased byp,. J, gains no eariiness. For each of the jVjobs in Bk-i, the 

earliness of each job is decreased byp,. The net change in cost is Mp.a - Np.a. Since 

M < A'̂ , the net change is either zero or negative. 

N+l jobs Mjobs 

J 

0 B k-l B, 

J \ \i 

0 B k-l B, d 

Figure 3.5 M <N, place 7, in the last position of Bk. 

\f N <M <N + 2, place Jj in the last position of Bk-i and place J, in the last 

position of Bk. Because M and Â  are positive integers, N <M < N + 2 is the same as 

A'̂  +1 < M < A'̂  +1 . Thus, N + \ = M and N = M -I. The earliness and tardiness of all 

jobs besides Bk-i and Bk are unchanged. Now let PM be the sum of the processing times 
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of the Mjobs that were in Bk. From Figure 3.6, each of the A ĵobs in Bk-i has its eariiness 

increased by Pj - p.. The Jj loses the eariiness by P^-Pj from Bk and gains no eariiness 

in Bk-i. For Bk, the earliness of each of the M-1 remaining jobs is increased byp,,. The 

total change in cost is A (̂p^ - p. )a - (P^ - p. )a + (M- l )p,«. Since PM is bounded by 

Mpj and A/̂  = M - 1 , the total change is bounded by N(p. - p. )a - Mp.a + p a 

+ (N)p.a = (N + \- M)p .a . Therefore, the net change is zero, because N + l = M . 

N+l jobs Mjobs 

J 

0 B k-l B, 

J \ 1 ^ 

0 B k-l B, d 

Figure 3.6 N <M <N + 2, place Jj in Bk-i and 7, in Bk. 

If M > N + 2, place Jj in the last position of Bk-j. The earliness and tardiness of 

all jobs besides in Bk-i and Bk are unchanged. Now let PM be the sum of the processing 

times of the Mjobs that were in Bk. From Figure 3.7, each of the Â +7 jobs in Bk-i has its 

earliness increased by py. The Jj loses the earliness by PM-PJ- For Bk, each of the M-1 

remaining jobs did not gain or lose the earliness. The total change in cost is (Â  + l)Pja 

-P^a + Pja . Since FA/is bounded by Mpj, the total change is bounded by Npja + PjU 
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-Mpja + p.a = (N + 2-M)pja. Because M > Â  + 2, the net change is less than or 

equal to zero, meaning that the schedule is no worse than before. 

N+l jobs Mjobs 

J 

0 B k-l B, 

\ 1 ^ j 

0 B k-l B, 

Figure 3.7 M > N + 2, place J, in the last position of Bk-i. 

After the interchange, J, and Jj, for each of Bk-i and Bk, rearrange jobs by Lemma 

3.2.1, which does not increase the objective function. Repeat these steps until statement 

T2 is tme and we will have a schedule that is no worse than our original schedule and thus 

is optimal. 

Property 3.3 For unrestricted due date case, there exist an optimal schedule a* where 

a job completes at a due date. 

Proof Suppose there exists an optimal schedule cr where no job finishes at the due date. 

Suppose Ji is the job that straddles the due date d with a = d-S^ and b = C^-d , where 

a>0, b>0 and 5,, is the starting time and C,is the completion time of J, (see Figure 3.8). 

Now let A'̂  be the number of early jobs while M is the number of jobs following J,. So 

there is a total of A'̂  early jobs and M+1 tardy jobs. 
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i ••• i 

^ ^ • N ^ N I 

J. ! 1 - i 
I \ \ 1 

S^ d C. 

Figure 3.8 J, straddles the due date d. 

If Na + S > (M + \)P, shift d to the starting time (5,) of J,. The earliness of each 

of the Â  early jobs and the due date is decreased by a. For tardy jobs, the tardiness of 

each of the M+1 jobs is increased by a. The total change in cost is ((M + \)P - Na 

- 5)a and it is negative, meaning that the original schedule is improved. 

\f Na + S <(M + l)P, shift d to the completion time (Q) of J,. The eariiness of 

each of the A'̂  early jobs and the due date is increased by b. For tardy jobs, the tardiness 

of each of the M+1 jobs is decreased by b. The total change in cost is (Na + 5 

- (M + \)P)b and it is negative, meaning that the original schedule is improved, thus it is 

not optimal. 

After shifting d to either the starting time or completion time of J,, the total cost of 

our new schedule does not increase, and is thus optimal. 

Property 3.4 For unrestricted due date case, there exists an optimal schedule CT* that 

there is always a batch being delivered at the due date (There are 

no early jobs in the same batch with tardy jobs). 

Proof Suppose there exists an optimal schedule a where there is a Bk contains Q early 

jobs and R tardy jobs where Q>Q and i?>0. Suppose there are M tardy jobs beside in 5^ 

Thus, there are total i?+M tardy jobs (see Figure 3.9). 
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^Oiobs^l ^ R jobs^ Mjobs 

Figure 3.9 Q early jobs and R tardy jobs in Bk. 

Ifd is shifted to the completion time of the last job in Bk, the earliness of all jobs 

either in Bk or not in Bk are unchanged. Let PR be the sum of the processing times of the 

R jobs in Bk that were tardy. For the M tardy jobs, their tardiness is decreased by MP^. 

For the R jobs that were tardy, their tardiness decreases at least by P ĵ. The due date of 

our new schedule is increased by P^. The total change in cost is P^S - MP^P -P^P • 

Because ofp > ^ , the net change is negative. Therefore, our new schedule is better than 

the original schedule and it is optimal. 

For an unrestricted due date case, we have constmcted four dominant properties 

for the problem. The first property will make sure that there is no idle time inserted in 

the optimal schedule. The second property tells us that in the early side of the optimal 

schedule, jobs are sequenced in batch-LPT; while in the tardy side of the optimal 

schedule, jobs are sequenced in batch-SPT. The third property makes sure that there is a 

job completed at the due date. The fourth property guarantees that there are no early jobs 

shipped with tardy jobs in the same batch. Along with the four dominant properties, we 

then propose two methods to solve the problem, a pseudopolynomial time dynamic 

programming algorithm with time complexity inO(n'^P^ )and a polynomial time 

heuristic algorithm with time complexity inO(n^). Our heuristic algorithm is based on a 
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greedy algorithm method, in which it will never trace back to a better solution when the 

iteration progresses. Thus, it does not guarantee the optimal solution for the problem, but 

it does mn in polynomial time. 

Algorithm 3.1: Dynamic Programming Algorithm 

Renumber the jobs such that p, > p.^, (LPT order). Let P, be the sum of all 

processing time up to /""job. Let f(i,k,j,s,u)he the minimum cost of scheduling the / 

longest jobs, when there are A: tardy jobs withy jobs in the first tardy batch, where s is the 

sum of processing time of those jobs in the first tardy batch and u is the number of jobs in 

the last early batch (Figure 3.10). The ;, k,j, s, u mn in range of / = 0,...,n.,k = 0,...,n., 

j = 0,...,n.,s = 0,...,P„.,and u = 0,...,n. 

I kjobs 1 

- - l . I - - --\j'S 

0 

Figure 3.10 A schedule for algorithm 3.1. 

Boundary Conditions: 

/(0,0,0,0,0) = 0 

f(Q,k,j,s,u) = co 

f(i,k,j,s,u) = 

CO ifk<0,j<0,s<0, oru<0 

00 ifk> i, j > i or u> i 

00 if J = 0 and s >0 
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Recursive Relations: 

lf(j^l or s^p.) and u^\ 

/(a,/. ,«) = minP~ '̂̂ '̂ '''"-̂ ^ + ("-l)̂ '« + «̂ '̂ 
[f{i-lk-\,j-\,s-p.,u) + sp + (k-\)p.p + (j-\)p.a 

If7 = 1 and s = p. and u it \ 

/(a,/ . , .) = minp-''''̂ '''"-̂ -̂̂ "̂-̂ )̂ '"̂ "̂ '̂ 
[f\i-\,k-\,u) + sp + (k-l)p.p + Y 

I f ( y > I or s^p.) and u = \ 

/ (a , / . , . ) = minK (̂'-̂ '̂ '>'̂ )̂ ^ + «'̂ '̂ 
[ /( /- l ,A:-l ,y-l ,5-p, , ,M) + .s^ + (A:-l)p,/? + (7- l )p .« 

If 7 = 1 and s = p. and u = 1 

rr J • s • lf''(i-lk,j,s) + r + nSp. 
j(i,k,j,s,u) = mm< 

[f-'(i-\,k-\,u) + sp + (k-l)p.p + r 

where f''(i-l,k-l,u) = min{/(/-1,A: - 1 , j,s,u) for a l l / s} 

f""(i-l,k, J,s) = min{f (i-l,k, J,s,u) for all u} 

Answer: 

minimum f(n, k, j , s,u) overall k, j , s, u 

Complexity: 

0(n'P„ ) 
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Justification: 

lf(j^l or s ^ p^) and M v̂  1, the /"" job (which is smaller than those already 

scheduled) may be (1) placed in the last position (by LPT) in the last eariy batch without 

earliness penalty, but it increases the earliness of the M-1 other jobs in the batch and the 

due date penalty by p., or (2) placed in the last position (by LPT) in the first tardy batch 

where it becomes tardy by 5, increases the tardiness penalty of the k-l other jobs byp,, 

and increases the earliness penalty of the /1 other jobs in the batch byp,. 

If _/ = 1 and s = p. and w ^ 1, the /"̂  job may (1) be placed in the last position (by 

LPT) in the last early batch without earliness penalty, but it increases the earliness of the 

M-1 other jobs in the batch as well as the due date penalty byp,, or (2) form the first tardy 

batch where it still tardy by s, increases the tardiness penalty of the k-l other jobs byp,, 

and incurs a new delivery cost. 

If 7 ^ 1 and s ^ p, and M = 1, the z* job may (1) form the last early batch without 

earliness penalty, but it incurs a new delivery cost and increases the due date penalty by 

p., or (2) be placed in the last position (by LPT) in the first tardy batch where it becomes 

tardy by s, increases the tardiness penalty of the k-\ other jobs byp,, and increases the 

earliness penalty of t he /1 other jobs in the batch byp,. 

If 7 = 1 and s = p. and M = 1, the /""job may (1) form the last early batch without 

an earliness penalty, but it incurs a new delivery cost and increases the due date penalty 

by p , , or (2) form the first tardy batch where it is tardy by s, increases the tardiness 

penalty of the k-\ other jobs byp,, and incurs a new delivery cost. 
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Algorithm 3.2: Heuristic Based on Greedy Algorithm Method 

Let E and T be a set of the undelivered early jobs and a set of undelivered tardy 

jobs, respectively. Initially, E and T are empty sets. Let J[̂ ] represents a jobs E such 

that it is in the e"̂  position with processing time of pr^i. Let JM is a jobe T such that it is 

in the /' position with processing time of p[,]. Let Z^ represents total cost of a schedule 

(earliness, tardiness, due date, and delivery cost) when J,, u E and Z, is the schedule's 

total cost when J, u T. 

Step 1. Renumber the job such that p, > Pj > ... > p„ (LPT order). 

Step 2. For i- 1 ton, J, can either be placed in E or in T. 

Step 3. If assign J. in E(y,, u E), then reposition all jobs in E such that pĵ ] > p[̂ +,] 

(LPT). If |E| > 2 , then for w = 1 to |E| -1, calculate C„ = ma(Y,P\e] - Z^W )• 
e=\ e=l 

Find the m that gives the maximumC„, and let x =m. IF max{C„]>y, then 

Jm to Jr^i will form a new early batch, remove Ĵ ,] to /[^j from E. Find Z^. 

ELSE, find Z,. 

Step 4. If assign J. in T(J,. u T), then reposition all jobs in T such that p[,] > P[,̂ ,] 

(LPT). If ITI > 2 , then for A: = I to |T| -1, calculate Ĉ  = ka(^p^,x^ ~ Z ^ H ^ 

+ PC£^P[t] ~ S P [ I 1 ) • Pi'^^ *^ ^*^^ 8^^^^ ^^^ maximumC^ and \ety = k. IF 
(=1 1=1 

max{C^ }>y, then Jf,]to J[̂ ,] will form a new tardy batch, thus, remove J[,]to J[,] 
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from T. Move the new batch to the last position but before the other delivered 

tardy batches of the schedule. FindZ,. ELSE, find Z,. 

Step 5. Z = min( Z^, Z^), where Z is the schedule's total cost that has J. in E, if Z = Z^ or 

J,, in T, if Z = Z,. Let / = / +1, and go back to step 2. 

Justification: 

This algorithm is based on the greedy algorithm method, which never reconsiders 

|E| 

the assigned jobs. If / , is in E, maC£^ py^ - ^ P\e\) will determine whether the savings 
e=l e=l 

on the earliness penalty cost from forming w=l job to m= |E| -1 jobs in a new batch is 

greater than a batch delivery cost (y). If not, it will not form any new delivery batch. 

Then, we find the schedule's total cost Z^. On the other hand, ka^ p[,] - ^ P\i\) 
1=1 1=1 

^ ( Y pj , - Z P[i]) w l̂l determine the savings on eariiness and tardiness penalty costs 
1=1 1=1 

by forming ;t=l to A= |T| -1 compare to a batch delivery cost (y)for J.is in T. Then we 

find the schedule's total cost Z,. Finally, we compare Z^ and Z, to see whether to assign 

7. to E or T, by choosing the minimum value of the total cost. This algorithm has a time 

complexity in the order of O(«^). 

Note: 

|E| m 

TheC„ =maC£^py-YjP[e]) is calculated based on the saving of the earliness 
e=l e=l 

penalty if we decide to ship versus not to ship. To illustrate the concept of C„, let us 
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have three jobs: J, , J j ' ^i scheduled somewhere to be manufactured before the due date 

d. T is the time from the completion time of J, to the due date (see Figure 3.11). 

Js J2 •1, 
T 

d 

Figure 3.11 Schedule of J,, Jj»-^3 • 

Then we calculate two different earliness costs based on two scenarios: (1) Not to 

ship J,, J2 > -̂ 3 after the completion of J,. (2) To ship J,, Jj»^z ^PO" completion of J, 

Scenario I: Not to Ship 

Earliness cost for: J, = aT 

J 2 =a(T + p^) 

J 3 = a ( r + p ,+P2) 

Total earliness cost =3aT + a(2p, + pj) 

Scenario II: To Ship 

Earliness cost for: J, = 0 

J 2 = «(Pi) 

JI =cc{Px +P2) 

Total earliness cost=«(2p,+P2) 

The difference is 3aT. Then we formulate the difference of the eariiness cost for 

these two scenarios for a general number of jobs (m) asmaT. Hence, maT >y,we will 

|T| k |T| 

ship all the jobs in the current batch. ForC^ = ^ « ( Z P [ , ] - Z ^ H ^ +/^(Z^['l 
1=1 1=1 (=1 

k 

- y pr,) , it is based on the same concept as C„ with tardiness cost added into the 

1=1 

formulation. 
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Numerical Example 3.1 Consider the following eight-job problem with a processing time 

given in Table 3.1. The penalties are y = 50,a = 5,P = S,S = 3. 

Table 3.1 The processing time of example 3.1. 

• ^ 1 1 2 3 4 5 6 7 8 

A 21 18 14 11 9 6 4 3 

For/=1, 

Step 3 If assigning J^ in E, Z^= 554 (earliness cost = 0, due date cost = 504, tardiness 

cost = 0, delivery cost = 50). 

Step 4 If assigning J, in T, Z, = 218 (eariiness cost = 0, due date cost = 0, tardiness 

cost =168, delivery cost = 50). 

Steps Z=min(Z^,Z, ) = 218. Assign J^ to T. 

For i=2. 

Step 3 If assigning J2 in E, Z^= 700 (eariiness cost = 0, due date cost = 432, tardiness 

cost = 168, delivery cost = 100). 

Step 4 If assigning J^ in T, then | T | = 2 . ForA:= 1 to | T | - 1 = I , C, = 1(5)(39-

21)+8(39-21) = 234 and C, >y(y = 50). Thus, Jy^ = J[,] = 7, will form a new 

tariy batch and be removed from T. The total cost Z, = 556 (eariiness cost = 0, 

due date cost = 0, tardiness cost = 456, delivery cost = 100). 

Step 5 Z = min (Z , , Z,) = 556. Assign J2 to T and remove J, from T. 
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For /=3. 

Step 3 If assigning Jjin E, Z^= 942 (eariiness cost = 0, due date cost = 336, tardiness 

cost = 456, delivery cost = 150). 

Step 4 If assigning J^ in T, then |T| = 2 ( |T| =2 because J, has already been removed from 

T). ForA:=lto | T | - 1 , C, = l(5)(32-18)+8(32-18)=182and C, >y(y = 5Q). 

Thus, Jĵ ,] = /[,] = J2 will form a new tardy batch and be removed from T. The 

total cost Z, = 942 (earliness cost = 0, due date cost = 0, tardiness cost = 792, 

delivery cost = 150). 

Step 5 Z = min (Z^,Z^) = 942. Break ties arbitrarily. In this case, assign J3to T and 

remove J2 from T. 

For f=4. 

Step 3 If assigning J^ in E, Z^= 1256 (earliness cost = 0, due date cost = 264, tardiness 

cost = 792, delivery cost = 200). 

Step 4 If assigning J^ in T, then |T| = 2 ( |T| =2 because J, and J2 have already been 

removed from T). For A: = 1 to | T | - 1 , C, = l(5)(25-14)+8(25-14) =143 and 

C^>y. Thus, J[,,] = -'̂ [i] = d^ will form a new tardy batch and be removed from 

T. The total cost Z, = 1344 (eariiness cost = 0, due date cost = 0, tardiness cost = 

1144, delivery cost = 200). 

Step 5 Z= min (Z^,Z,)= 1256. Assign J4 to E and^3still in T. 
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For /=5. 

Step 3 If assigning Jjin E, then|E| = 2. For/w= 1 to | E | - 1 , C,= 1(5)(20-11) = 45 and 

C, <y (y = 50). Thus J^ andJ^ are in E. The total cost Z^= 1517 (eariiness 

cost = 45, due date cost = 480, tardiness cost = 792, delivery cost = 200). 

Step 4 If assigning /^ in T, then |T| = 2 (J j still in T). For A: = 1 to | T | - 1 , C, = 1(5)(23-

14)+8(23-14) = 117 and C, > 7 . Thus, Jy^ = J[,] = J^ will form a new tardy 

batch and be removed from T. The total cost Z, = 1594 (eariiness cost = 0, due 

date cost = 264, tardiness cost = 1080, delivery cost = 250). 

Steps Z=min(Z^ ,Z , )= 1517. Assign Jj to E, then ^4,75 are in E. 

For /=6. 

Step 3 If assigning J^inE, |E| = 3 . Form= 1 to | E | - 1 , C,= 1(5)(26-11) = 75, 

C2 = 2(S)(26-(ll+9)) = 60. The max{C,,C2} = C, and C, > / , thusx= 1. 

Then, J^^ = 7[,] = J^ will form a new early batch and be removed from E, while, 

J^andJ^ are still in E. The total cost Z^= 1696 (earliness cost = 30, due date 

cost = 624, tardiness cost = 792, delivery cost = 250). 

Step 4 If assigning J^ in T, then | T | = 2 (J3Still inT). For A:= 1 to | T | - 1 , C, = 1(5)(20-

14)+8(20-14) = 78 and C, > 7 . Thus, J[,,] = J[,] = J3 will form a new tardy batch 

and be removed from T. The total cost Z, = 1759 (earliness cost = 45, due date 

cost = 480, tardiness cost = 984, delivery cost = 250). 
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Step 5 Z = min (Z^, Z,) = 1696. Assign J^ to E and remove J^ from E, then only 

JjandJ^are still in E. 

For i=l. 

Step 3 If assigning J^inE, |E|=3.Forw=l to | E | - 1 , C,= l(5)(19-9) = 50, C2 = 2(5)(19-

(9+6)) = 40. The max {C,, C^}=C, > 7 , thus x = 1. Then, J^^ =J^,^= J, will 

form a new eariy batch and J^ will be removed from E, while, ^g andJj are still 

in E. The total cost Z^= 1832 (eariiness cost = 20, due date cost = 720, tardiness 

cost = 792, delivery cost = 300). 

Step 4 If assigning J^ in T, then |T| = 2 (J j still in T). For A: = 1 to | T | - 1 , C, = 1(5)(18-

14)+8(18-14) = 52 and C,>y. Thus, J^^ = /[,] = J^ will form a new tardy batch 

and be removed from T. The total cost Z, = 1874 (earliness cost = 30, due date 

cost = 624, tardiness cost = 920, delivery cost = 300). 

Step 5 Z = min (Z^,Z,)= 1832. Assign J^ to E and remove J^ from E, then only 

Jg andy, are still in E. 

For /=8. 

Step3 If assigning J^inE, | E | = 3 . Form=l to | E | - 1 , C , = 1(5)(13-6) = 35, C2 = 

2(S)(13-(6+4)) = 30. Themax{C|,C2}=C,< 7, then J^, J,, and JgareinE. 

The total cost Z^= 1934 (eariiness cost = 50, due date cost = 792, tardiness cost = 

792, delivery cost = 300). 
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Step 4 If assigning J^ in T, then |T| = 2 (J3Still in T). ForA:= 1 to | T | - 1 , C, = 1(5)(17-

14)+8(17-14) = 39 and C,<y. Thus, J, and J, are in T and Z,= 2055 

(eariiness cost = 35, due date cost = 720, tardiness cost = 1000, delivery cost = 

300). 

Step 5 Z = min (Z^,Z,) = 1934. Assign Jg to E, then J^, J^, and J^are in the same 

early batch. 

The following figure shows the solution for numerical example 3.1, in which 3 

jobs are in the tardy side and 5 jobs are in the early side with the total cost of 1934. 

-^^ 

11 

Js 

9 

J 6 J 7 '^8 

6 \ 4 13 

Js 

14 

J2 

18 

Ji 

21 

0 11 20 d 47 65 86 

Figure 3.12 Solution for numerical example 3.1. 

Polynomial Solvable Special Case for Unrestricted Due Date 

We would like to investigate a special case for the unrestricted due date problem 

where it can be strictly solved by polynomial time algorithm. One assumption that can be 

made to the general problem and make it solvable in polynomial time is that all the jobs 

have the same processing time and the due date is to be determined by the manufacturer. 

This situation might occur in a single item facility, where all jobs have averagely the 

same processing time on a single machine and the manufacturer is the one who tell the 

customer when the jobs will be finished. 
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Algorithm 3.3: Dynamic Programming Algorithm 

Let a(t)he the minimum cost incurred by t tardy jobs. Let b(e)he the minimum 

cost incurred by e early jobs, when ? jobs are delivered tardy and e + t = n (see Figure 

3.13). Let T(t)he the minimum total cost of all «jobs, whenyjobs are delivery tardy. 

i+1 J J+J 

0 ip d+jp 

Figure 3.13 A schedule for algorithm 3.3. 

Boundary Conditions 

a(0) = 0 

6(0) = 0 

Recursive Relations: 

For ?= \,...,n. 

d+tp 

a(t) = min{a(j) + (t-j)tpp + ^^-^^-^—-pa + y : j = Q),...,t-\] 

For e = «,...,1, v^hen e^n-t 

A(e) = m i n W O + ^ ^ " ' ^ * r ' ' " " pa + y:i = Q,...,e-\] + Spe 

Answer: 

minimum T(t) = a(t) + b(n -1) 

Complexity: 

0(n') 
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Justification: 

The formulation of a(t) and b(e) are the same as finding the lot sizing policy in 

dynamic lot size problem. For a(t) ,the t- j jobs are tardy by tp (the tardiness of the 

last job in the last batch) and the tardiness penalty rate is p. The eariiness positional 

penalties in the batch for the t - 7 jobs from the first job to the last job are Op to 

(t-j- \)p and we know that the sum of 0 to f - 7 - 1 = ^^~J~ X^-7) j ^ ^ ^ ^^^ ̂ ^̂ ĵ 
2 

eariiness cost is -^—-pa. The delivery cost for this batch is / . For b(e), the 

eariiness penalty cost for e - i jobs are ^^— — - pa and the delivery cost is y. In 

addition, the due date penalty cost for having e early jobs is Spe. 

Restricted Due Date Case 

In the case of the restricted due date, the due date is given from the customer and 

n 

constrained (restricted) the schedule such that d <^p. . The following property are 
( = 1 

proved and used to constmct two pseudopolynomial time dynamic programming 

algorithms. 

Property 3.5 For restrictive due date case, there exist an optimal schedule cr* where 

either some job completes at a due date or the schedule starts at time zero 

Proof Suppose there exists an optimal schedule cr where neither job finishes at the due 

date or the schedule starts at time zero. Suppose the starting time of the first job is 

greater than zero (Si>0) and J, is the job that straddles across the due date d with 
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a = d -S. and b = C. -d , where a>0 and b>0. Now let Â  be the number of early jobs 

and M he the number of jobs following J,. So there are total TV eariy jobs and M+1 tardy 

jobs (see Figure 3.14). 

a 

J. 

0 S. d C. 

Figure 3.14 Schedule does not start at time zero and / straddles the due date d. 

If oN > P(M +1), right shift all jobs by a unit. The earliness of each of the Â  

early jobs is decreased by a. For tardy jobs, the tardiness of each of the M+1 jobs is 

increased by a. The total change in cost is (P(M +1) - aN)a and h is negative, meaning 

that our new schedule does not increase the total cost, thus it is optimal. 

If aN + S< P(M +1), left shift all jobs by the amount of min (S!,b). The 

eariiness of each of the A'̂  early jobs and the due date is increased by min (Si,b). For 

tardy jobs, the tardiness of each of the M+1 jobs is decreased by min (Si,b). The total 

change in cost is (oA^ + 5- p(M + l))min(5, ,6). The net change is either zero or 

negative, meaning that our new schedule is no worse than the original schedule, thus it is 

optimal. After shifting, we have a new optimal schedule, in which either some jobs are 

completed at a due date or the schedule starts at time zero. 

For a restrictive due date case, the due date is given and constrains the schedule. 

Even with no batch delivery cost, the problem has been proven to be NP-Complete (see 

Hall Kubiak, and Sethi, 1991). Nevertheless, we have constmcted three dominant 
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properties (the properties 3.1, 3.2, and 3.5) for the problem. The first property will make 

sure that there is no idle time inserted in the optimal schedule. The second property tells 

us that in the eariy side of the optimal schedule, jobs are sequenced in batch-LPT, while 

in the tardy side of the optimal schedule, jobs are sequenced in batch-SPT. The third 

property makes sure that either there is a job completed at the due date or a schedule 

starts at time zero. Along with three dominant properties, we then propose two 

pseudopolynomial time dynamic programming algorithms with complexity in the order 

ofO(n^P^d)andO(n^P^ rf), respectively. The first dynamic programming algorithm 

(Algorithm 3.4) solves the case where a job is completed at the due date; the second 

dynamic programming algorithm (Algorithm 3.5) solves the case where the first job must 

start at time zero. The optimal solution is the best of the two solutions obtained from the 

dynamic programming algorithms. 

Algorithm 3.4: Dynamic Programming Algorithm 

Renumber the jobs such that p,. < p,.̂ , (SPT order). P, is the sum of all processing 

time up to/ ' job. Let g(/,7,5,v,/)be the minimum cost of scheduling the/shortest jobs 

withy jobs in the last tardy batch where s is the sum of processing time of those jobs in 

the last tardy batch. Let v be the sum of processing time for all jobs in the first early 

batch, and t be the sum of processing time of all early jobs (see Figure 3.15). The / , / s, 

V, / mn in range of, i = 0,...,n.,J -0,...,n.,s = 0,...,P„.,v = 0,...,P„.,? = 0,...,d . 
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H 

0 

Boundary Conditions: 

g(0,0,0,0,0) = 0 

Figure 3.15 A schedule for algorithm 3.4. 

J'S 

g(0,j,s,v,t) = cc 

g(i,j,s,v,t) = 

00 if j <0,s <0,v<0, ort<0 

00 if j > i or v> t 

°o if j = ^ ^f^d s >0 

Recursive Relations: 

If (j ^l or s^ p,) and v ^ p,. 

. \g(i-lj\s,v-p,,t-p^) + (v-p.)a 

'^'''^'''''^^'"'%(i-l,j-l,s-p^,v,t) + (P^-t)P + (J-l)p,P + (s-p^)a 

If 7 = 1 and s = p, and v ^ p,. 

g ( r , /5 ,v ,0 = min 
ig(i - l,j,s,v-p^,t- p,) + (v - p,,)a 

[g\i-\,v,t) + (P^-t)P + y 

I f (7 ; t l or s^p.) and v = p,, 

,, . Jg"(/-i,/^,^-Pi) + r 
^ '̂'̂ '̂ ''''̂  = " " U - l , 7 - l , - P . . , v , 0 + (/^-0>^ + 0-l)P-.^ + ( -P,)« 
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If 7 = 1 and s = p. and v = p. 

/• . X . \s''{i-'^J,s,t-p:) + y 
g(«,7,5,v,0 = min * ^'^ ^ 

[g\i-l,v,t) + (P,-t)P + y 

where g'(i-1, v,0 = min{g(/ - 1 , j,s, v, t) for ally and s) 

g"'(i -1,y,s,t-p.) = min{g(i -1, j,s,v,t- p.) for all v} 

Answer: 

minimum g(n,j,s,v,t) overall j , s,v,t 

Complexity: 

0(n'P^d) 

Justification: 

If (y ^ 1 or s^ p.) and v^ p. , the /"'job (which is longer than those 

already scheduled) may be: (1) placed in the first position in the first early batch, where it 

becomes early by v - p., or (2) placed in the first position in the last tardy batch where it 

becomes tardy hy P.-t and increases the tardiness penalty of they-1 other jobs in the 

batch byp, and early itself by s-pi. 

If y = 1 and s = p,. and v^ p^, the /* job may: (1) be placed in the first position 

in the first early batch and becomes early by v - p., or (2) form the last tardy batch where 

it is still tardy by P.-t and incurs a new delivery cost. 

If y ^ 1 and s It p. and v = p., the /""job may: (1) form the first early batch 

without earliness penalty, but it incurs a new delivery cost, or (2) be placed in the first 
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position in the last tardy batch where it becomes tardy hy P.-t and increases the 

tardiness penalty of they-1 other jobs in the batch byp, and eariy itself by s-pi. 

If y ^l and s = p. and v = p.,(l) form the first eariy batch without eariiness 

penalty, but it incurs a new delivery cost, or (2) form the last tardy batch where it is still 

tardy by P.-t and incurs a new delivery cost. 

Algorithm 3.5: Dynamic Programming Algorithm 

Renumber the jobs such thatp,, > p,^, (LPT order). Let P, is the sum of all 

processing time up to /* job. h(i, j , s,u,t) is the minimum cost of scheduling the / longest 

jobs withy jobs in the first tardy batch and u jobs in the last early batch where 5 is the 

sum of processing time of those jobs in the first tardy batch and t is the sum of processing 

time of all early jobs (see Figure 3.16). The i,j, s, u, t mn in range of, 

/ = 0,...,n.,j = 0,...,n.,s = 0,...,P„.,M = 0,...,n.,t = 0,...,d . 

I t -

— i u \— P -P. 
n I 

--\j'S h -

0 d 

Figure 3.16 A schedule for algorithm 3.5. 

Boundary Conditions 

/2(0,0,0,0,0) = 0 

h(0,J,s,u,t) = 00 
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h(i,j,s,u,t) = < 
oo i /y<0,5<0,M<0, ort<Q 

°° if j >i or u> i 

00 if y = 0 and s>0 

Recursive Relations: 

I f ( y ^ l or s^p.) and u^X 

h(i, j,s,u,t)^ \^^' ~ '̂• '̂̂ '" - i'̂  - P,) + (" - l)Pi« 
\h(i-\,j-\,s-p.,u,t) + (P„-P.+t + s-d)p + (j-\)p.a 

If y = 1 and s - p. and u it \ 

,,. . ,, . \Ki-\hs,u-l,t-p.;) + (u-\)p,a 
h(i,j,s,u,t) = min<̂  

[/2^(/-l,M,0 + (P„ -P,+t + s-d)p + y 

If(y ^l or s ^ p.) and u - I 

uc • A • | ^ " ( ' - i , / ^ , ^ - p , ) + r 
«(z,7,5,M,0 = niin<̂  ' 

[/z(z-l,y-l,5-p,,,M,0 + (P„ -Pi +t + s-d)P + (i-\)p.a 

Ify = 1 and s = p, and u = 1 

. . . . ,, . \h'"(i-l,j,s,t-p,) + y 
h(i,j,s,u,t) = min<̂  

[/?^(/-l,M,0 + (P„ -P,+t + s-d)p + y 

where //'' (/ - 1 , M, t) = min{h(i -1, j , s,u,t) for ally and s} 

h'"(i-l,j,s,t- p.) = min{/z(/-l,y,5,M,^-p,,)for all u} 

Answer: 

minimum /?(«, y, s,u,t) overall j , s,u,t 

Complexity: 

0(n'P„d) 
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Justification: 

If (y ^ 1 or Sit p.) and M ^ 1, the /"" job (which is smaller than those already 

scheduled) may be (1) placed in the last position in the last eariy batch without eariiness 

penalty, but it increases the eariiness of the M-1 other jobs in the batch by p„ or (2) placed 

in the last position in the first tardy batch where it becomes tardy hy P^^-P.+t + s-d 

and increases the earliness penalty of they-1 other jobs in the batch byp,. 

If y = 1 and s = p,. and u^\,the /"'job may (1) be placed in the last position in 

the last early batch without earliness penalty, but it increases the earliness of the M-1 other 

jobs in the batch byp,, or (2) form the first tardy batch where it still tardy by P„-P.+t 

+ s-d and incurs a new delivery cost. 

If / ^ 1 and s ^ p. and M = 1, the /"'job may (1) form the last early batch without 

earliness penalty, but it incurs a new delivery cost, or (2) be placed in the last position in 

the first tardy batch where it becomes tardy hy P^-P^+t + s-d and increases the 

earliness penalty of they-1 other jobs in the batch byp,. 

If y = 1 and s = Pi and M = 1, the /"'job may (1) form the last early batch without 

earliness penalty, but it incurs a new delivery cost, or (2) form the first tardy batch where 

it still tardy by P^- P^ +t + s-d and incurs a new delivery cost. 

The final answer to the problem is the minimum of the answer to Algorithms 3.4 

and 3.5. 
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Polynomial Solvable Special Case for Restricted Due Date 

We would like to investigate a special case for restricted due date problem where 

it can be strictly solved by polynomial time algorithm. There are many assumptions that 

can reduce the complexity of the general problem and make the problem solvable in 

polynomial time. One such assumption is that all the processing time of jobs are equal, 

but the due date is still given from the customer and constrains the schedule such that 

n 

d <y^Pj . This situation might occur in a facility that produces only one product, where 
1=1 

each item does not have much variation in processing time. Thus, they are assumed to 

have the same processing time. 

According to property 3.5, the optimal solution for the special case problem will 

be either from algorithm 3.6, which finds an optimal solution for the case that there are 

some jobs completed at the given due date; or algorithm 3.7 which gives an optimal 

solution for a case in which the schedule starts at time zero. 

Algorithm 3.6: Dynamic Programming Algorithm 

Let k = where k is the maximum number of jobs that can finish before the 

due date. Let c(t)he the minimum cost incurred by / tardy jobs. Let d(e)he the 

minimum cost incurred by e eariy jobs, when /jobs are delivered tardy (see Figure 3.17) 

and e + t = n, when e<k and t>n-k. Let T(t) he the minimum total cost of all n 

jobs, wheny jobs are delivery tardy. 
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/ /+/ i j 

0 d 
Hi 

d+jp d+tp 

Figure 3.17 A schedule for algorithm 3.6. 

Boundary Conditions 

c(0) = 0 

d(0) = 0 

Recursive Relations: 

For/= \,...,n-k. 

c(t)^min{c(j) + (t-j)tpP + ^^-^^-^—^pa + r : y = 0,...,/-l} 

Vor e = n,...,k, whene = «-/ 

d(e) = min{J(/) + (^~^)(^~'~^) pa + y :/ = 0,...,e-l} 

Answer: 

minimum r(/) = c(t) + d(n -1) 

Complexity: 

0(n') 

Justification: 

For c(t), the / - / jobs are tardy by tp (the tardiness of the last job in the last 

batch) and the tardiness penalty rate is p. The earliness positional penalties in the batch 

for the / - y jobs from the first job to the last job are Op to (t-j- l)p and we know that 

{t -j- \)(t - j) j ^ ^ ^ ^̂ g ̂ Q̂ ĵ eariiness cost is 
the sum of 0 to t- j - \ ^ 
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( ^ - 7 ) ( ^ - y - i ) 
pa and the delivery cost for this batch is y. For d(e), the eariiness 

penalty cost for e - i jobs are ^̂  —^-pa and the delivery cost is y. 

Algorithm 3.7: Constant Time Algorithm 

Let q(n - k)he the minimum cost incurred n jobs when there are k early jobs and 

n-k tardy jobs. T(n - k) is the calculation from Algorithm 3.6, when «-A: jobs are delivery 

tardy. If the answer (T(n - k)) gives a schedule that does not begins at time 0, we define 

slag X as a difference from time zero to the start time of the schedule (Figure 3.18). 

X 

kjobs — ' 

0 d 

j kjobs — ' i . . . 

0 

Answer: 

Figure 3.18 A schedule for algorithm 3.7. 

q(n -k)- T(n -k) + kxa -(n- k)xP 

Complexity: 

0(1) 
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Justification: 

We know that if a schedule starts at time zero, there will be exactly k early jobs 

and n-k tardy jobs in the optimal schedule. If the answer from Algorithm 3.6 (which 

yields a schedule of a job completed at the due date) gives a schedule that starts at time 

zero, it will be an optimal schedule for Algorithm 3.7. If it gives a schedule that does not 

start at time zero (Figure 3.18), we can shift the entire schedule to the left by the amount 

of X. Thus, there are no changes on number of early and tardy jobs, but the earliness of A: 

jobs will increase by x and tardiness of AZ-̂  jobs will decrease by x. As a result, the 

optimal total cost is T(n - k) plus the differences between earliness and tardiness that 

occurred from shifting. 

The final answer to the problem is the minimum of the answer to Algorithms 3.6 

and 3.7. 

Chapter Summary 

In this chapter, we have studied the problem of common due date Just-in-Time 

scheduling with batch delivery cost. We distinguished the problem into two main cases: 

unrestricted common due date and restricted common due date. With regard to the first 

case, the problem can be solved optimally by Algorithm 4.1, which has the time 

complexity in 0(«^P„). Since the time complexity of Algorithm 4.1 is in pseudo 

polynomial time, we then proposed a heuristic algorithm (Algorithm 4.2), which solved 

the problem in polynomial time (0(n^)). In addition, we studied a special case, where 

all jobs have the same processing time. We showed that the problem can be solved 
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optimally by a polynomial time algorithm (Algorithm 3.3), which has the time 

complexity in 0(«'*). 

As for the second case, the restricted common due date, the problem can be 

solved optimally by using two dynamic programming algorithms (Algorithm 3.4 and 

Algorithm 3.5). They have time complexity inO(n^P^d) and 0(«'P„ d) respectively. 

We, then, investigated further into a special case, where we assumed that all jobs have the 

same processing time. We showed that the problem can be strictly solved optimally in 

polynomial time by using Algorithm 3.6 and Algorithm 3.7, where they have the time 

complexity in O (n") and in O (1) respectively. 
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CHAPTER IV 

COMMON DUE DATE SCHEDULING WITH 

BATCH DELIVERY AND CUSTOMER PENALTY COST 

Introduction 

According to the previous chapter, we have studied single machine just-in-time 

scheduling with batch delivery cost. The justification of adding a batch delivery cost is 

satisfied from the fact that when the problem does not consider the transportation cost, all 

tardy jobs are delivered at their own completions while all early jobs are delivered at the 

common due date. However, when considering a batch delivery cost, it is more 

economical for one tardy job to wait and ship with other tardy jobs and save some 

delivery costs, while an early job can be delivered before the due date and save some 

earliness penalty costs from holding that particular job to the due date. Thus, there are 

some trade-offs between delivery costs, earliness penalty costs, and tardiness penalty 

costs. The analysis from the previous chapter has shown that the problem can be solved 

in a pseudopolynomial time for both restricted due date and unrestricted due date cases. 

This chapter is an extension of the problem studied in Chapter III, where a 

customer's penalty cost has come into consideration. A customer penalty cost is a cost to 

the manufacturer from the customer for having an early shipment on jobs that are 

completed before the promised due date. As previously described in Chapter I, the 

manufacture can benefit from having early shipments for jobs that completed before the 

due date, if the savings from manufacturer's earliness costs (manufacturer's holding cost, 

storage space cost, insurance premium, etc.) is greater than the customer penalty costs 
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and additional shipment costs. On the other hand, the customer can enjoy the benefit of 

having the product cheaper because of the penalty charges to the manufacturer. As for 

the manufacturer scheduling point of view, for the eariy side of the schedule, there are 

ttade-offs between eariiness costs, customer penalty costs, and delivery costs. As for the 

tardy side of the schedule, there are trade-offs between tardiness costs, eariiness costs 

(from holding one tardy job to ship with other tardy jobs), and delivery costs. 

Further discussion about customer penalty cost can be distinguished into two 

aspects where it can be viewed as a fixed penalty or as a penalty rate. In the first aspect, 

it is charged per job with constant amount regardless of how far it is from the due date. 

The example of fixed penalty can be seen when the customer agrees to pay for the 

products when they arrive at the customer's door. The manufacturer is more than willing 

to finish the job as soon as possible and provide early shipping to the customer because 

he/she can get the money sooner and has saved some earliness penalty costs from holding 

the completed jobs to the due date. On the other hand, the customer may not want to 

accept the early shipment if he/she does not benefit from it. In fact, the customer has to 

pay earlier than before. As a result, the manufacturer may want to give an incentive such 

as a discount to the customer. For instance, if the products are worth a SlOO each, a $1 

discount will be given when the early shipment occurs as long the discount is less than or 

equal to the savings from earliness penalty costs minus one additional shipping cost. The 

customer benefits from getting the product cheaper and the manufacturer benefits from 

saving the earliness cost. This is a win-win situation for both of them. 

In the second aspect, the customer penalty cost is viewed as a penalty rate and it is 

per unit of time per item. For example, consider a situation when the customer is willing 
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to accept the early shipment with a customer penalty rate that is SI per unit time per item 

and the first early job will be finished on Monday and has a due date on Friday. If the 

manufacturer decides to ship it after its completion, the manufacturer can save the 

earliness cost from holding the job until Friday, but he/she has to pay additional shipping 

plus the customer penalty. In this case, the customer penalty will be charged as 4 days x 

$1 per day per item = $4. The early shipment is justified as long as the saving from the 

earliness cost minus additional shipping is greater than or equal to $4. 

Chapter Notations 

For convenience, we will use the following notations in this chapter 

Z = total schedule cost 

E. = earliness of J, 

T. = tardiness of J, 

X = number of early jobs delivered before the due date 

(? = due date ( Z P , ) 
leE 

D. = delivery date of J, 

A'̂  = number of batches formed 

a = earliness penalty rate or weight 

P = tardiness penalty rate or weight 

§ = due date penalty rate or weight 

0) = constant customer penalty (per job) 

y = cost per batch delivery 
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Yi = customer earliness of J, = max (0, d-Di) 

A. = customer penalty rate per unit time of J,. 

Note: 

In addition to the assumptions stated in Chapter I, we make assumptions that 

——-—- <a \/k = \,...,n (for fixed customer penalty), and A<a (for customer penalty 
Min(pi^) 

rate). The justification for the first assumption is that the customer penalty cost should be 

less than the earliness penalty cost, because the manufacturer can benefit from having the 

early shipments. The second assumption is from the fact that if the customer penalty rate 

(A) is greater than customer penalty rate (a). The manufacturer will hold all jobs, 

completed before the due date, at its own warehouse and make only one delivery at the 

due date. 

Fixed Customer Penalty 

The fixed customer penalty acts like a price discount offered to the customer from 

the manufacturer, if the customer agrees to accept the early shipments. The discount is 

per job and is the same from job to job. This discount will apply only to early jobs that 

are shipped before the due date. It will not apply on eariy jobs in the last early batch, 

which is shipped at the due date or on tardy jobs. After adding the fixed customer 

penalty variable to the total cost fianction, the problem with single machine weighted 

eariiness-tardiness about a common due date with batch delivery and fixed customer 

penalty can be formulated into mathematical format as follows: 
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Minimize Z = X ( ^ ^ ' + ^ ^ + ^ ) + ̂ ^ + ̂ ^ . 4.1 

1=1 

Since the fixed customer penalty is constant and only applies for those eariy jobs 

that are delivered before the due date, the properties sttidied in the previous chapter still 

hold for all cases. Thus, we will restate them as follows: 

Property 4.1 For problem 4.1, there exists an optimal schedule cr' such that jobs 

are processed continuously from start time of the first job to the 

completion time of the last job without any idle time. 

Proof For tardy jobs, the fixed customer penalty does not apply to any of them. For 

early jobs, moving one job adjacent to others does not increase or decrease the fixed 

customer penalty, thus the proof of this property is the same as Property 3.1. See the 

proof of Property 3.1 for the details. 

Property 4.2 For problem 4.1, there exists an optimal schedule a* such that jobs in 

batch are sequenced by LPT, and the tardy jobs are in batch-SPT, while 

the early jobs are in batch-LPT. 

Lemma 4.2.1 In an optimal schedule, for any k and any number of jobs in Bk, the 

jobs in Bk are sequenced in LPT order. 

Proof The fixed customer penalty does not affect the sequence in the batch. Thus, the 

proof of this Lemma is the same as the proof of Lemma 3.2.1. See the proof of Lemma 

3.2.1 for the details. 
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Lemma 4.2.2 For tardy batches, there exist an optimal schedule such that for all k>0, if 

Ji is in Bk and Jj is in Bk+i, then p,, < pj. We call this property batch-SPT. 

Proof Since the fixed customer penalty applies only to early jobs and does not affect any 

tardy jobs, the proof of this Lemma is the same as the proof of Lemma 3.2.2. See the 

proof of Lemma 3.2.2 for the details. 

Lemma 4.2.3 For early batches, there exist an optimal schedule such that for all k>0, if 

Ji is in Bk-i and Jj is in Bk, then p. > pj. We call this property batch-LPT. 

Proof The fixed customer costs will occur on all of the early jobs in all of the early 

batches, except the last batch. Then, the proof for any pair of early batches (except the 

pair of the last early batch and the batch before the last batch) will be the same as Lemma 

3.2.3. As we know, the fixed customer penalty is per job, and moving, and switching 

jobs from batch to batch will not increase or decrease the fixed customer penalty for 

those particular jobs. As a resuh, the following proof is the additional proof only applied 

to the last early batch, which does not affect fixed customer penalty, and the batch before 

the last early batch. 

Because Lemma 4.2.1 is tme, the condition of Lemma 4.2.3 is tme if and only 

if p,, > Pj, where / is the last job of Bk-i and Jj is the first job of Bk, for all k. 

Suppose that there exist an optimal schedule such that for some k and appropriate 

J, and Jj, p,. < Pj. Now let A/̂  be the number of jobs preceding J, in Bk-i. Thus, Bk-i has a 

total N+l jobs. Let M be the number of jobs in Bk., see Figure 4.1. 
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N+l jobs Mjobs 

1 i / j j 1 
0 B k-l B, 

Figure 4.1 Schedule for proof of Lemma 4.2.3. 

If M < Â ,̂ place J, in the last position of Bk. From Figure 4.2, the earliness and 

tardiness penalties of all jobs not in Bk-i and Bk are the same. The earliness of each of the 

Mjobs in Bk is increased byp,. J, gains no earliness, but does lose fixed customer penalty 

((o)hy \(o. For each of the TV jobs in Bk-i, the earliness of each job is decreased byp,. 

The net change in cost is Mp.a - Np.a - (O . Since M < TV, the net change is either zero 

or negative, meaning that the schedule is no worse than before. 

0 

N+l jobs 

B k-l 

Mjobs 

J 

B, d 

0 

J 

B k-l 
B, 

Figure 4.2 M < TV, place J, in the last position of Bk. 

If N <M <N + 2, place Jj in the last position of Bk-i and place J, in the last 

position of Bk. Because M and Â  are positive integers, Â  < M < Â  + 2 is the same as 

TV + l<M<TV + 2 . The eariiness and tardiness of all jobs besides in Bk-i and Bk are 
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unchanged. Now let PM he the sum of the processing times of the Mjobs that were in Bk. 

From Figure 4.3, each of the TVjobs in Bk-i has its eariiness increased by p , - p , . The 

J,, gains no eariiness, but loses a fixed customer penalty by co. The Jj loses the eariiness 

by PM-PJ, but gains a fixed customer penalty by co. For Bk, the eariiness of each of the 

M-1 remaining jobs is increased by p . . The total change in cost is A (̂p .-p.)a-co 

- (PM -Pj)a + co + (M -1)p.a. Since PM is bounded by Mpj, the total change is 

bounded by A (̂p^ - p.)a -Mpja + p^a + Mp.a -p,a = (N + l-M)(pj -p,)a . 

Because TV -i-1 < M , the net change is less than or equal to zero. 

N+l jobs Mjobs 

J 

0 B k-l B, d 

j 1 1 ^ 
0 B k-l B, d 

Figure 4.3 TV < M < TV + 2, place Jj in Bk-i and J, in Bk. 

If M > TV + 2, place Jj in the last position of Bk-i. The earliness and tardiness of 

all jobs besides in Bk-i and Bk are unchanged. Now let PM he the sum of the processing 

times of the Mjobs that were in Bk. From Figure 4.4, each of the TV+7 jobs in Bk-i has its 

earliness increased byp;. The J, loses the earliness by PM-PJ, but gains a fixed customer 

penalty by co. For Bk, each of the M-1 remaining jobs did not gain or lose the earliness. 
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The total change in cost is (TV + l)p .a - (P^ -pj)a + co. Since PM is bounded by Mpj, 

the total change is bounded by Â p .a + p.a - Mp.a + p ̂ a + co = (N+ 2- M)p.a + co. 

Because M is a positive integer, M >N + 2 is the same asM > TV -i- 3. In addition, from 

the assumption 
CO 

Min(p^) 
< a , thenco < Min(pi^)a (\/k = \,...,n). The net change is at 

least equal to - pjU + Min(pi^ )a . Thus, the net change is less than or equal to zero. 

N+l jobs Mjobs 

J 

0 B k-l B, d 

1 

\^ \ j 

1 

0 B k-l B, d 

Figure 4.4 M > TV + 2, place Jj in the last position of Bk-i. 

After the interchange, 7, and Jj, for Bk-i and Bk, rearrange jobs by Lemma 4.2.1, 

which does not increase the objective fiinction. We will have a schedule that is no worse 

than our original schedule and thus is optimal. 

Property 4.3 For the problem 4.1, there exist an optimal schedule cr* where 

a job completes at a due date. 

Proof The proof of this property will assume that there is a job which straddles across 

the due date, thus moving the due date to the completion time of the job will improve the 

schedule. Since the job, at first completed after the due date (tardy), and then completes 
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at the due date (finished exactiy on time), this job will not incur a fixed customer penalty. 

Thus, the proof of this property is the same as Property 3.3. See the proof of Property 3.3 

for the details. 

Property 4.4 For problem 4.1, there exists an optimal schedule cr' in which 

there is always a batch being delivered at the due date (There are 

no early jobs in the same batch with tardy jobs). 

Proof The proof of this lemma involves only the last early batch, which does not incur 

any fixed customer penalty. Thus, the proof of this property is the same as the proof of 

Property 3.4. See the proof of Property 3.4 for the details. 

With fixed customer penalty for an unrestticted due date, we showed four 

optimal properties, which later will be used to constmct the pseudopolynomial dynamic 

programming algorithm to solve this problem. The first property showed that there is no 

idle time inserted in the optimal schedule. The second property showed that in the early 

side of the optimal schedule, jobs are sequenced in batch-LPT, while, in the tardy side of 

the optimal schedule, jobs are sequenced in batch-SPT. The third property showed that 

there is a job completed at the due date. The fourth property guarantees that there are no 

early jobs shipped with tardy jobs in the same batch. The dynamic programming 

algorithm (Algorithm 4.1) is a modified version of Algorithm 3.1 with fixed customer 

penalty cost consideration. The time complexity of this algorithm is the same as 

Algorithm 3.1, where its time complexity is in the order ofO(n'^P„). 
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Algorithm 4.1: Dynamic Programming Algorithm 

Renumber the jobs such that p. > p,^, (LPT order). Let w(i,k,j,s,u)he the 

minimum cost of scheduling the / longest jobs, when there are k tardy jobs withy jobs in 

the first tardy batch, where s is the sum of processing time of those jobs in the first tardy 

batch and u is the number of jobs in the last early batch (see Figure 4.5). For each stage 

of /, there will be exactly k tardy jobs and i-k early jobs. The /, k,j, s, u mn in range of 

/ = f),...,n.,k = 0,...,n.,j = 0,...,n., s = 0,...,P„., and u = 0,...,n. 

I kjobs 1 

i u \ --\j'S 

0 

Figure 4.5 A schedule for algorithm 4.1. 

Boundary Conditions: 

w(0,0,0,0,0) = 0 

w(0,k,j,s,u) = co 

w(i,k,j,s,u) = 

00 ifk<0,j<0,s<0, oru <0 

00 ifk> i, j > i or u > i 

00 if J = 0 and s >0 

Recursive Relations: 

If (y ^ 1 or s jt p.) and u ^ 1 

(w(i - l,k,j,s,u -1) + (M - l)p,« + nSp. 

''^'''''''''''"^^'^%(i-l,k-l,j-l,s-p,,u) + sp + (k-l)p,p + (j-l)p,a 
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Ify = 1 and s = p. and u ^ 1 

. . . . . . \^{i-'^,k,j,s,u-l) + (u-l)p.a + nSp. 
w(i,k,j,s,u) = min{ ' ^' 

[w'(i-l,k-l,u) + sp + (k-\)p.p + y 

I f ( y ^ l or s^p.) and u = \ 

w(/,yt,/.,M) = m i n K ^ ' - ^ ' ^ ' ^ ' ^ ) ^ ^ + «^^ ' ^ (^ ' - ^ -^ )^ 
[w(i -\,k -l,j -l,s - p,,u) + sp + (k -l)p.p + (j -l)p.a 

If y = 1 and s = p. and u - 1 

. . . . . . lw'''(i-l,k,j,s) + y + n5p.+(i-k-\)co 
w(/,A:,7,5,M) = min<̂  

[w''(i-l,k-\,u) + sp + (k-l)p.p + y 

where W ' ( / - 1 , A : - 1 , M ) = min{/(/-l,A:-l,y,5,M) for a l l /5} 

w'"(/-l,A:,y,5) = min{/(/-l,A:,y,5',M)forall u} 

Answer: 

minimum w(n, k, j , s, u) overall k, j , s, u 

Complexity: 

0(«Vj 

Justification: 

lf(j^l or s ^ p.) and M 7̂  1, the /"'job, which is smaller than those already 

scheduled, may be (1) placed in the last position (by LPT) in the last early batch without 

earliness penalty, but it increases the earliness of the M-1 other jobs in the batch and the 

due date penalty by p , . Or (2) it may be placed in the last position (by LPT) in the first 
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tardy batch where it becomes tardy by s, increases the tardiness penalty of the k-l other 

jobs byp,, and increases the eariiness penalty of they-1 other jobs in the batch byp,. 

If y = 1 and s = p. and u^l,the / j o b may (1) be placed in the last position in 

the last eariy batch without eariiness penalty, but it increases the eariiness of the M-1 other 

jobs in the batch as well as the due date penalty byp,. Or (2) it may form the first tardy 

batch where it still tardy by 5, increases the tardiness penalty of the k-l other jobs byp,, 

and incurs a new delivery cost. 

If j it I and s ^ p. and M = 1, the /"'job may (1) form the last early batch without 

earliness penalty, but it incurs a new delivery cost and increases the due date penalty by 

p , , as well as increases (i-k-1) early jobs hy co. Or (2) it may be placed in the last 

position (by LPT) in the first tardy batch where it becomes tardy by s, increases the 

tardiness penalty of the k-\ other jobs byp,, and increases the earliness penalty of they-1 

other jobs in the batch byp,. 

If y = 1 and s = p, and M = 1, the /"'job may (1) form the last early batch without 

earliness penalty, but it incurs a new delivery cost and increases the due date penalty by 

p,., as well as increases (i-k-1) eariy jobs by <y. Or (2) it may form the first tardy 

batch where it is tardy by s, increases the tardiness penalty of the k-\ other jobs byp,, 

and incurs a new delivery cost. 

Customer Penalty Rate 

As previously described, the second aspect of customer penalty cost is viewed as 

customer penalty rate, where it is per unit of time per job. The cost can vary from zero, 
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when the job is delivered at the due date, to any positive number. It depends on the 

position of the job on the early side of the schedule to the due date. The customer penalty 

cost is actually the customer's earliness cost from accepting any early shipments from the 

manufacturer, since the customer has to pay for the storage space, insurance premium, 

etc. Nevertheless, the manufacturer shares these costs with the customer by paying the 

customer in terms of penalty cost (customer penalty cost). Thus, the customer benefits 

from getting the product cheaper, although he/she receives the product earlier than the 

promised due date. On the other hand, the manufacturer can clear up his/her storage 

space and save any holding costs that might occur from holding the product. If the 

customer penalty rate (A) is larger than the manufacturer earliness penalty rate (a) , the 

manufacturer will hold the product at his/her own warehouse until the due date. In 

contrast, if A < a , the manufacturer may have the product delivered before the due date 

and pays for any additional delivery costs. The customer penalty cost applies only on all 

of the jobs shipped before the due date. It will not apply on early jobs in the last early 

batch, which is shipped at the due date or on tardy jobs. After adding the customer 

penalty variable to the total cost fianction, the problem with single machine weighted 

eariiness-tardiness about a common due date with batch delivery and customer penalty is 

written in mathematical form as follows: 

MinimizeZ= Z ( « E.+jiT.+X Y^ +dd) + rN, 4.2 
1=1 

Since the customer penalty cost is the same as the eariiness cost of the customer 

and it only applies to the eariy side of the optimal schedule, where its amount depends on 
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how far it is from the due date, the Properties 3.1, 3.2, 3.3, and 3.4 can be restated with 

new proofs and are presented below: 

Property 4.5 For the problem 4.2, there exists an optimal schedule cj* such that jobs 

are processed continuously from start time of the first job to the 

completion time of the last job without any idle time. 

Proof Suppose there exist an optimal schedule a with an idle time A/ between two 

jobs: / and Jj in which Jj follows / . Suppose / is early as well as Jj , the earliness 

penalty cost and the customer penalty cost can be reduced by A/, if we shift / adjacent to 

Jj. Similarly, suppose Jj is tardy (regardless of J, is early or tardy), the tardiness penalty 

cost can be reduced by A/, if we shift Jj to adjacent to J,. Therefore, cr cannot be an 

optimal schedule. 

Property 4.6 For problem 4.2, there exists an optimal schedule cr* where in batch 

jobs are sequenced by LPT, and the tardy jobs are in batch-SPT, while the 

early jobs are in batch-LPT. 

Let Bkhe a set of jobs delivered at ^-th batch 

Lemma 4.6.1 In an optimal schedule, for any k and any number of jobs in Bk, the 

jobs in Bk are sequenced in LPT order. 

Proof For early jobs, suppose there exist an optimal schedule cr where there is Bk, Ji, Jj 

such that Ji is adjacent to Jj and J, precedes Jj with pi<pj. By interchanging J, and Jj, the 

earliness as well as customer penalty of J, decreases byp, and that of J, increase byp,. 

The total eariiness cost is reduced by (pj - p, )a. Therefore, a cannot be the optimal 

schedule. 

90 



For tardy jobs, suppose there exist an optimal schedule cr where there is Bk, Ji, Jj 

such that J, is adjacent to Jj and J precedes Jj with p,<py. By switching / and Jj, their 

tardiness stays the same, but the eariiness cost is reduced by (p, - p.)a. Therefore, 

a cannot be an optimal schedule. 

Lemma 4.6.2 For tardy batches, there exist an optimal schedule such that for all k>0, if 

/ , is in Bk and Jj is in Bk+i, then p, < pj. We call this property batch-SPT. 

Proof Because Lemma 4.6.1 is tme, the condition of Lemma 4.6.2 is tme if and only if, 

for all k, p. < pj where J, is the first job of Bk and Jj is the last job of Bk+i. Call this 

statement T]. 

Suppose that there exist an optimal schedule such that for some k and appropriate 

J, and Jj, p. > pj. Now let TV be the number of jobs in B^ and let M be the number of 

jobs preceding Jj in Bk+j. Therefore, there are M+1 jobs in Bk+i. 

Njobs 

i \ \ 

M+1 jobs 

J 

0 B, B k+l 

Figure 4.6 Tardy batches in Lemma 4.6.2. 

If M<TV, make a switch between / and Jj. From Figure 4.7, the earliness and 

tardiness penalties of all jobs not in Bk and Bk+i are the same. The tardiness of each of the 

Mjobs in Bk+i before 7, is the same, but the earliness of each of the Mjobs is increased by 

Pi-pj. Jj takes up the earliness / lost while the total tardiness between / and 7, decreases 

hy pi-pj. For the job in Bk, the earliness of each job is the same. The tardiness of each of 
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the Â  in Bk is decreased by p,-py. The net change in cost is M(p. - p. )a - (p. - p )p 

- N(p. - pj )p and is negative because TV > M and y0 > or, meaning that the schedule is 

improved by switching J, and Jj. 

0 c i 

N jobs 

i 

B,, 

M+1 jobs 

\J 

B,,, 1 

j \ \ i 

0 B, B k+l 

Figure 4.7 M<TV and switch between J, and Jj. 

If M > TV, place Jj in the last position of Bk. The earliness and tardiness of all 

jobs besides in Bk and Bk+i are unchanged. Now let P be the sum of the processing times 

of the M+1 jobs that were in Bk+i. From Figure 4.8, each of the TVjobs in Bk has its 

earliness increased bypy and its tardiness increased bypy. Jj gains no earliness but does 

lose tardiness by P-pj. For Bk+i, each of the M remaining jobs loses earliness by py. The 

total change in cost is Â p̂ , (a + P)-(P- Pj )P - Mpja . Since Jj is the smallest job in 

Bk+i (by Lemma 4.6.1), then P>(M + l)pj. Therefore, the change in cost is bounded by 

Np.(a + P)- MpjP - Mp.a = (N - M)pj (a + P). Because M>N, this term is less 

than or equal to zero, as a result the net change is either zero or negative. 
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Figure 4.8 M > TV and place Jj in the last position of 5^. 

After the interchange, / and Jj, for each of Bk and Bk+i, rearrange jobs by Lemma 

4.6.1, which does not increase the objective function. Repeat these steps until statement 

Ti is tme and we will have a schedule that is no worse than our original schedule and thus 

is optimal. 

Lemma 4.6.3 For eariy batches, there exist an optimal schedule such that for all k>0, if 

Ji is in Bk-i and Jj is in Bk, then p. > Pj. We call this property batch-LPT. 

Proof Since Lemma 4.6.1 is tme, the condition of Lemma 4.6.3 is tme if and only if, for 

all k, p, > Pj where J, is the last job of Bk-i and Jj is the first job ofBk. Call this 

statement T2. 

Suppose that there exist an optimal schedule such that for some k and appropriate 

Ji and Jj, Pi< p . Now let TV be the number of jobs preceding J, in Bk-i. Thus, Bk-i has 

total Â +1 jobs. Let M be the number of jobs in Bk., where all of Mjobs in Bk. have the 

same customer penalty by Y^X , see Figure 4.9 
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N+l jobs Mjobs k H 

0 
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B k-l B, 

Figure 4.9 Eariy batches in Lemma 4.6.3. 

N+l jobs Mjobs r~ 

J 

0 B k-l B, 

J \ \ i 

0 B k-l B, d 

Figure 4.10 M <N, place J, in the last position ofBk. 

If M < TV, place J, in the last position ofBk. From Figure 4.10, the earliness and 

tardiness penalties of all jobs not in Bk-i and ^^are the same. Now let PM he the sum of 

the processing times of the Mjobs that were in Bk. The earliness of each of the Mjobs in 

Bk is increased byp,. J, gains no earliness, but loses customer penalty by P^. For each 

of the TVjobs in Bk-i, the earliness of each job is decreased byp,, while the customer 

penalty of each job is increased byp,. The net change in cost is Mp.a -P^X- Np.a 

+ NpiX. Since Mp. < Mpj, and P^is bounded by Mpj, the net change is bounded by 
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Mp.a - Mp.X - Np.a + Np.X = (M - A )̂p,.(a - X) and it is either zero or negative, 

because M < N and X<a. 

N+l jobs Mjobs 

J 

Y, J 

0 B k-l B k I 

j 1 1 ^ 
0 B k-l B. 

Figure 4.11 M > N, place Jj in Bk-i and / in Bk. 

If M > TV, place J, in the last position of 5^./ and place / in the last position ofBk. 

Because M and TV are positive integers, M > TV is the same as M > TV +1 . The earliness 

and tardiness of all jobs besides in Bk-i and Bk are unchanged. Now let PM he the sum of 

the processing times of the Mjobs that were in Bk. From Figure 4.11, each of the TVjobs 

in Bk-i has its earliness increased by Pj - p , , but its customer penalty decreases by 

p - Pi- The Jj loses the earliness by PM-PJ , but gains customer penalty in Bk-i by 

(PM ~ P +P,M- For 5*, the earliness of each of the M-7 remaining jobs is increased 

by p,,. The 7, loses the customer penalty by PM- The total change in cost is TV(p̂  - p, )a 

- N(pj - p, )X - (P^ - Pj )a + (P^ - Pj + p,, )X + (M- l)p,a -P^X. Since PM is 

bounded by Mpj, the total change is bounded by N(pj - p,. )a - N(pj - p, )X 
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- (Mpj - p. )a + (Mp. - p. + p. )X + (M- Vjp.a - MpjX = (N + \- M)(pj - p. )a - NX 

- ^iPj - Pi )A . Therefore, the net change is zero, because M > TV -i-1. 

After the interchange, J, and Jj, for each of 5̂ .̂/ and Bk, rearrange jobs by Lemma 

4.6.1, which does not increase the objective function. Repeat these steps until statement 

T2 is tme and we will have a schedule that is no worse than our original schedule and thus 

is optimal. 

Property 4.7 For the problem 4.2, there exist an optimal schedule cr' where 

a job completes at a due date. 

Proof The proof of this property will involve assuming a job straddles across the due 

date, and shifting the due date to the completion time of the job will actually reduce the 

total cost of the schedule. Because the job, at first completed after the due date (tardy), 

later completes at the due date (finishes exactly on time), this job will not incur any 

customer penalty cost. Thus, the proof of this property is the same as Property 3.3. See 

the proof for Property 3.3 for the details. 

Property 4.8 For problem 4.2, there exists an optimal schedule cr* in that 

there is always a batch being delivered at the due date (There are 

no early jobs in the same batch with tardy jobs). 

Proof For this proof, we only need the last early batch to show this property. As we 

know, the last early batch does not incur any customer penalty cost. Thus, the proof of 

this property is the same as the proof of Property 3.4. 

The problem with customer penalty cost for unrestricted due date can be solved 

by using four optimal properties, presented above to constmct the pseudopolynomial 

96 



dynamic programming algorithm. The properties are the same as properties presented in 

the previous chapter, but with a new set of proof, we can show that the four properties 

still stand on for this problem. The first property showed that there is no idle time 

inserted in the optimal schedule. The second property showed that in batch jobs are in 

LPT, on the early side of the optimal schedule, jobs are sequenced in batch-LPT, while, 

on the tardy side of the optimal schedule, jobs are sequenced in batch-SPT. The third 

property showed that there is a job completed exactly at the due date. The fourth 

property showed that there are no early jobs shipped with tardy jobs in the same batch. 

Algorithm 4.2: Dynamic Programming Algorithm 

Renumber the jobs such that p,. < p,^, (SPT order). Let P, be the sum of all 

processing time up to /"' job. Let z(i, j , s, v, t) he the minimum cost of scheduling the / 

shortest jobs withy jobs in the last tardy batch where 5 is the sum of processing time of 

those jobs in the last tardy batch. Let v be the sum of the processing time of jobs in the 

first early batch, and / be the sum of the processing time for all early jobs. The i,j, s, v, t 

mn in range of, / = 0,...,«.,y = fi,...,n.,s = 0,...,P„.,v = 0,...,P„.,/ = 0,...,P„ (see Figure 

4.12). 

0 

H 
J'S 

d 

Figure 4.12 A schedule for algorithm 4.2. 
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Boundary conditions: 

z(0,0,0,0,0) = 0 

z(0,y,5,v,0 = oo 

z(/,y,5,v,/) = 

00 z/y <0 ,5<0 ,v<0 , or t<0 

00 if j > i or v>t 

00 if J = 0 and s >0 

Recursive relations: 

If (j ^l or s It p.) and v it p. 

. \z(i-l,j,s,v-p.,t-p.) + (v-p.)a + nSp.+(t-v)X 
z(i,j,s,v,t) = min< 

\z(i-l,j-\,s-p.„v,t) + (P,-t)P + (j-\)p,p + (s-p,)a 

If y = 1 and s = p,, and v ^ p,, 

. \z(i-l,j,s,v-p.,t-Pi) + (v-p.)a + n5p^+(t-v)X 
z(i,j,s,v,t) = m\n\ 

\z\i-\,v,t) + (P,-t)P + y 

If (y ^ 1 or s It p.) and v - p. 

z(i, j,s,v,t) = min-
z'"(i - \,j,s,t -Pi) + y + nSp. +(t- p,.)A 

z(i-l,j-l,s-p,,v,t) + (P,-t)P + (j-\)p,P + (s-p,)a 

If y = 1 and s - p, and v - p. 

z(i,j,s,v,t) = min' 
\^(i-l,j,s,t-p,) + y + n5p,+(t-p,)X 

z\i-\,v,t) + (P^-t)P + y 

where z"(i-\,j,s,t-p,) = min{z(/-l,7>,v,/-p.)forall v] 

z''(i-l,v,t) - min{z(i -I, j,s,v,t) forall j and s] 
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Answer: 

minimum z(n,j,s,v,t) overall j , s, v, t 

Complexity: 

0(n'P'„) 

Justification: 

If (j ^\ or s ^ p,.) and v^ p. , the /"' job (which is longer than those 

already scheduled) may be: (1) placed first (by LPT) in the first early batch, where it 

becomes early by v - p. and increases the due date penalty by p , , as well as increases the 

customer penalty cost by (/ - v)X, or (2) placed first (by LPT) in the last tardy batch 

where it becomes tardy by Pj -t and increases the tardiness penalty of they-1 other jobs 

in the batch byp, and early itself by s-pi. 

If y = 1 and s = p, and vit p., the /"' job may: (1) be placed first in the first early 

batch and becomes early by v - p, and increases the due date penalty by p, , as well as 

increases the customer penalty cost by (/ - v)X, or (2) form the last tardy batch where it 

is still tardy by P^-t and incurs a new delivery cost. 

If (y ;̂  1 or s^ Pi) and v = p,,, the /"' job may: (1) form the first early batch 

without an earliness penalty, but it incurs a new delivery cost and increases the due date 

penalty by p , , as well as increases the customer penalty cost by (/ - p, )X, or (2) be 

placed first in the last tardy batch where it becomes tardy hy P^-t and increases the 

tardiness penalty of they-1 other jobs in the batch byp, and early itself by 5-p,. 
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If y = 1 and s = p. and v = p., the /"'job may: (1) form the first eariy batch 

without an earliness penalty, but it incurs a new delivery cost and increases the due date 

penalty by p., as well as increases the customer penalty cost by (/ - p. )X, or (2) form 

the last tardy batch where it is still tardy hy P.-t and incurs a new delivery cost. 

Chapter Summary 

In this chapter, we studied the problem of common due date Just-in-Time 

scheduling with batch delivery and customer penalty costs, where the objective fiinction 

is to minimize the total earliness, tardiness, due date penalty, batch delivery, as well as 

customer penalty costs. This problem is an extension of the problem studied in Chapter 

III. We distinguished and studied two types of customer penalty cost, where the first type 

is fixed and does not depend on the position of the job in the early side of the schedule, 

while the second type does. The first type of customer penalty cost (fixed customer 

penalty cost) can be solved optimally by using Algorithm 4.1. Algorithm 4.1 is a 

modified version of Algorithm 3.1, where it has the same time complexity in 0(«' 'P„). 

With regard to the second type of customer penalty cost (customer penalty rate), the 

problem can also be solved optimally by using Algorithm 4.2, where it has time 

complexity in O(n^P^). 
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CHAPTER V 

COMPUTER SIMULATION EXPERIMENTS ON HEURISTIC 

AND ANALYSIS OF THE RESULTS 

Introduction 

According to Chapter III, we presented the heuristic procedure (Algorithm 3.2) to 

solve the problem of common due date Just-in-Time scheduling with batch delivery cost. 

Our heuristic is based on greedy algorithm method, which always chooses the best 

solution at each iteration of assigning jobs and does not consider the effect of decisions 

that may have in the future. As a result, it cannot guarantee the optimal solution to the 

problem, but it can give a good solution in a reasonable time. To determine how good 

the solution is from our heuristic, we can compare the solution to either the optimal 

solution or to some reference solutions. Since the solution of the heuristic may depend 

on the problem's factors such as number of jobs, earliness penalty weight, tardiness 

penalty weight etc., the purpose of the computer simulation experiment is to identify the 

significance of the factors as well as to collect the results in order to gain an 

understanding of the effects of selected factors and to analyze the performance of our 

heuristic under these factors. Before we conduct the flill experiment, we need to mn a 

preliminary experiment to find the significance of each factor from a statistical analysis. 

Once the significant factors are identified, we will further investigate their individual 

effects as well as their interactions on the heuristic's performance. 

Based on subject matter, the number of jobs factor should have a direct effect on 

the heuristic's performance, since the size and the difficulty as well as the complexity of 
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the scheduling problem is generally determined by this factor. The penalty weights are 

other important factors that can alternate the heuristic solution, since they are part of the 

objective function that we try to minimize. Finally, the cost per batch delivery factor is 

one of the factors that determines the size of each batch in the optimal schedule and it is 

also part of the objective function. As a result, we hypothesize that the following factors 

might have an effect on the performance of the heuristic when compared with the optimal 

solution. 

1. Number of j obs (n). 

2. Earliness penalty weight (a). 

3. Tardiness penalty weight (P). 

4. Due date penalty weight (S). 

5. Cost per batch delivery (y). 

As previously mentioned, we can compare the heuristic solution to the optimal 

solution in order to determine how good the heuristic solution is. Thus, the performance 

of the heuristic can be measured by calculating the relative deviation between these two 

solutions. The relative percentage deviation value (R) is used as the dependent variable 

and can be calculated as follows: 

j,^E(znzl(^.m, 5.1 
Z(C7*) 

where z(cr*) is the objective function value of the optimal solution and z(o-") is the 

objective fiinction value obtained from Algorithm 3.2. 

The following section is the experimental design that we will use for our 

computer simulation experiment. 
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Experimental Design 

We choose to use a full model of 2* factorial design, where k is the number of 

factors and ^ = 5 in our model, because of its practical usefulness in research work as 

suggested by Montgomery (1997, p. 290). The full model means that all main effects and 

their interactions have at least one data replication (p. 316). Our experimental model is a 

fixed effect model, because we have pre-specified the values of each level of the factors. 

There are only two levels for each factor in the model. Generally, we distinguished these 

two levels for each factor as low and high or sometime '0' and ' 1 ' . For our 2̂  factorial 

experiment model, we will have a total of 32 treatment combinations. The details of each 

treatment combination are presented in Table 5.1 

Table 5.1 The total of 32 treatment combinations. 

Treatment Levels 

a P 5 
Treatment 

1 Low Low Low Low Low 
2 Low Low Low Low High 
3 Low Low Low High Low 

4 Low Low Low High High 
5 Low Low High Low Low 

6 Low Low High Low High 

7 Low Low High High Low 
8 Low Low High High High 

9 Low High Low Low Low 
10 Low High Low Low High 
11 Low High Low High Low 

12 Low High Low High High 
13 Low High High Low Low 
14 Low High High Low High 

15 Low High High High Low 

16 Low High High High High 

Levels 
a P 5 JL 

17 High Low Low Low Low 
18 High Low Low Low High 
19 High Low Low High Low 
20 High Low Low High High 
21 High Low High Low Low 
22 High Low High Low High 
23 High Low High High Low 
24 High Low High High High 
25 High High Low Low Low 
26 High High Low Low High 
27 High High Low High Low 
28 High High Low High High 
29 High High High Low Low 

30 High High High Low High 

31 High High High High Low 

32 High High High High High 
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From Table 5.1, we can categorize the treatment combination according to its 

factors. For instance, we can distinguish treatment number 1 to 16 for the low level and 

17 to 32 for the high level of number of job factor, and treatment number 1 to 8, 17 to 24 

for the low level and treatment number 9 to 16, 25 to 32 for the high level of the factor 

a. For each factor levels and its range of values, we presented them in Table 5.2. 

Table 5.2 Main effect factors and their range of value in each level. 

Factors 

Number of jobs (n) 

Earliness penalty weight (a) 

Tardiness penalty weight (P) 

Due date penalty weight (5) 

Cost per batch delivery (y ) 

Level 

Low (0) 

5 

U(l,10) 

U(18,25) 

U(l,8) 

U( 100,200) 

High(l) 

10 

U( 11,20) 

U(28,35) 

U(ll,18) 

U(300,400) 

Since there is no restriction on randomization of our simulation experiment, we 

decide to completely randomize the order of our test specimens in the experiment. This 

completed randomization will prevent any effects of unknown nuisance variables that 

may occur during the time that the experiment is conducted. With regard to the number 

of observations, we use 50 replications for each treatment combination. These 50 

replications will ensure that we have adequate data to make any statistical inferences. 

For more information on how to generate experimental data, we refer to a paper of Hall 

and Posner (2001). 
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The mathematical model for completely randomized 2' factorial design with 

replications for use in the Analysis of Variance (ANOVA), given that we can not reject 

the null hypothesis of normality (see normality testing section), is presented as: 

Yy„„,,=p + Ai+Bj+C,+D,+E„ + ABij + Ad, + AD, + AEi^+K 

+ ABCDE,.,^+£^^ij,^^, 5.2 

where A = number of jobs, / = 1,2, 

B = earliness penalty weight (a), j = 1,2, 

C = tardiness penalty weight (P), k = 1,2, 

D = due date penalty weight (nS), I = 1,2, 

E = cost per batch delivery ( / ) , m = 1,2, 

£•,. = random error, r = 1,...,number of replications. 

The following sets of null hypotheses and altemative hypotheses for main effects A,B,C, 

D, and E as well as their interactions can be written as follows: 

HQ^ : All /i^ are equal 

//,^ : At least one p^ is not equal to the others. 

Hog: All PB are equal 

/ / , 3 : At least one Pg. is not equal to the others. 

HoABCDE- All//,«cz)£,„„ arc cqual 

HxABCDE •• At least one M,BCDE.^^,„ is not equal to the others. 
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where p^ represents a number of jobs mean and Pg represents earliness penalty weight 

mean, and so forth. At a certain significant level, if we fail to reject the null hypotheses 

of the main effect A, it means that there is not sufficient evidence to detect a difference 

between means of the effect A at level 0 and level 1. If we can reject the null hypotheses 

of the effect A, we can conclude the altemative hypotheses that there is a significant 

difference between means of the effect^ at level 0 and level 1. The null hypotheses as 

well as the altemative hypotheses of the remaining factors and their interactions can be 

interpreted in the same way as that of the effect A. 

Normality Testing 

According to Montgomery (1997), the validity of the analysis of variance 

(ANOVA) depends on the basic assumptions that the errors are normally and 

independently distributed with mean zero and constant but unknown variance cr^. In 

order to examine the constant variance and normality assumptions, we can easily 

constmct the residuals plot. The residuals plot should show no obvious pattem or trend. 

Another way to check the normality assumption is to constmct the histogram of the 

residuals. If the plot looks like a sample of normal distribution, it shows no problem of 

violation on normality assumption. 

For statistical normality testing, Lilliefors (1967) was the first to introduce the test 

for normality, which did not need to specify the mean or the variance of the normal 

distribution. The only assumption needed for this test is that the sample is a random 

sample. The hypotheses for the test are stated below: 
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//Q : The random sample comes from a population with the normal 

distribution, with unknown mean and standard deviation 

/ / , : The distribution function of the random sample is not normal 

Another test for normality is the Shapiro-Wilk test (1965). The criterion for 

testing normality is based on the regression of the order-statistics on their expected 

values. Extensive sampling experiments were conducted to establish its distribution. 

The test hypotheses are stated as follows: 

HQ : F(x) is normal distribution function with unspecified mean and variance 

/ / , : F(x) is not normal 

Test statistic 

W = 

-\2 

Z^,!^'""'''*-^'") 
1=1 

z(̂ , --x) 
1=1 

This test is often called the W test, because its test statistic is often denoted by W. 

For our experiment, we will use significant level 9= 0.05, if the W is less than the 9 

quantile, we can reject the null hypotheses and conclude the nonnormality. For more 

information on how to perform the Lilliefors's test for normality and the Shapiro-Wilk 

test for normality, we refer to Conover's book (Conover, 1999). 

If the results from the normality test lead to the rejection of the null hypotheses 

that the residuals are normally distributed, the non-parametric type of test will be used. 

On the other hand, if we cannot reject the null hypotheses of normality, the following 

section is the guideline on how to calculate the statistic values. 

107 



Computational Techniques (Yates Method) 

According to Milton and Amold (1995), the Yates technique simplifies the 

calculation by hand of the 2^ factorial experiment. To use the technique, the treatment 

combination has to be listed in a column in standard order. This technique is presented in 

Figure 5.1 as follows: 

Steps to compute the F value 

1. List the treatment combinations in standard order in a column. 

2. Form a second column by listing the treatment totals in standard order. 

Pair the totals from top to bottom. 

3. Label the next column " 1 " and form the first half of the entries by 

finding the totals of the pairs in the second column. Form the last half 

of the entries by subtracting the first member of each pair from the 

second. Pair the entries in this column 

4. Label the next column "2". Form this column from column 1 by the 

procedure described in part (iii). 

5. Continue until you form k columns. 

6. The first value in the A:"' column is the grand total of all responses. The 

remaining values when squared and divided by 2* n give the 

numerator for the F ratio needed to test for the effect in question. 

Figure 5.1 Yates method. 
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Analysis of the Results 

From our 2̂  design of experiment, we have 32 treatment combinations, in which 

each treatment has 50 replications of data. Thus, we have a total of 1,600 data points. 

We used MS Visual C++ to code the procedure of Algorithm 3.1 and Algorithm 3.2, and 

to generate data for the experiment as well as to generate SAS input file. For more 

information about how to use C++, please refer to Prata (1998) and Dale, Weems, and 

Headington (2000). The source codes are displayed in Appendix A. The example of the 

results obtained from the differences of Algorithm 3.2 (heuristic solution) and Algorithm 

3.1 (dynamic programming optimal solution) in term of the relative percentage deviation 

value (R) is displayed in the last column of Appendix B. 

Graphical Analysis 

We start our data analysis by plotting the relative percentage deviation value (R) 

for different cases. We have 1,600 data points and we know that each treatment has 50 

replications of data. Thus, the data numbers 1 to 50 represent treatment number 1, data 

numbers 51 to 100 represent the treatment number 2 and so forth in our experiment. We 

partition the data into four sets, in which set 1 contains the data numbers 1 to 400 

(treatment number 1 to 8); set 2 contains the data numbers 401 to 800 (treatment number 

9 to 16); set 3 contains the data numbers 801 to 1,200 (treatment number 17 to 24) and 

set 4 contains the data numbers 1,201 to 1,600 (treatment number 25 to 32). Thus, the 

data in set 1 and set 2 represent the low level of number of job factor and the data in set 3 

and set 4 represent the high level. For the earliness penalty weight factor, the data in set 

1 and set 3 represent the low level and the data in set 2 and set 4 represent the high level. 
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Figures 5.2, 5.3, 5.4, and 5.5 show the plot of percentage deviation value for set 1, 

set 2, set 3 and set 4, respectively. The overall maximum deviation is 15.84% and the 

overall minimum deviation is 0%, while the overall average is 1.739%. The overall 

maximum deviation occurred in treatment number 4, where the cost per batch delivery 

and the due date penalty weight are in the high level while the rest of the factors are in 

the low level. 

50 100 150 200 250 

Data Number 

300 350 400 

Figure 5.2 Scatter plot for % deviation for the data numbers 1 to 400. 

The overall maximum deviation occurs in data number 178, which belongs to 

treatment number 4 as mentioned earlier and is shown in Figure 5.2. The overall 

minimum happens in every graph and it seems to be the majority data point for data in set 

1 and set 2. 
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Figure 5.3 Scatter plot for % deviation for the data numbers 401 to 800. 

Figure 5.4 Scatter plot for % deviation for the data numbers 801 to 1,200. 
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Figure 5.5 Scatter plot for % deviation for the data numbers 1,201 to 1,600. 

From the four plots above, we conjecture that the number of jobs factor has effect 

on the performance of our heuristic. The graphs in Figure 5.4 and Figure 5.5 show many 

more deviations than the graphs in Figure 5.2 and 5.3. However, we need to perform a 

statistical analysis in order to see that our conjecture is correct as well as to test for the 

significance of other factors and their interactions. 

In addition, we analyze our data by plotting the average of the R values for each 

treatment to see how one treatment differs from another. We also plot the proportion of 

the zero deviation for different cases. Figure 5.6 shows the scatter plot for the average of 

% deviation for each treatment and Figure 5.7 shows the graph of the proportion of the 

zero deviation for each treatment. We also conjecture that there are differences between 

each treatment combinations. Then, we need to perform the statistical analysis to 

confirm that our conjecture is correct. 
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Figure 5.6 Scatter plot for the average of % deviation for each treatment 
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Figure 5.7 The graph of the proportion of the zero deviation for each treatment 
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Statistical Analysis 

In our experiment, we use SAS version 6.12 to perform the 2̂  factorials 

experiment by utilizing the PROC GLM command. For more information regarding SAS 

program, please refer to SAS manual (SAS, 1995) for details. In addition, we use SAS to 

perform the normality test for the residuals using the PROC UNIVARIATE command. 

The example of the SAS output is displayed in Appendix C. The SAS source codes for 

our experiment and the codes for the residuals normality testing are displayed in Figure 

5.8. 

Before we go further in statistical analysis, we need to verify the normality 

assumption and the constant variance assumption of the residuals. If one of the 

assumptions is violated, we cannot use the ANOVA results as well as the output from 

PROC GLM in SAS in our analysis, since the ANOVA is invalid. In order to verify 

these two assumptions, we can use SAS to generate the scatter plot and perform the 

normality test using the Shaprio-Wilk test. In addition, we can check the histogram and 

normality plot for the normality assumption. If the two assumptions are satisfied, the 

scatter plot should show no serious violation of constant variance and the p-value from 

the W test should be larger than 0.05 (we use significant level of 0.05). Also, the 

histogram should show the approximate bell shape as well as the straight line for the 

normality plot. If one of the assumptions is violated, we can either use the transformation 

to fix the problem, or use the non-parametric test. The scatter plot for the residual versus 

the predicted value is shown in Figure 5.9. The histogram and normality plot are 

displayed in Figure 5.10 and the W statistic value can be seen in Table 5.3. 
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OPTIONS LS=80 NODATE; 
DATA BELLE; 

INFILE "D:\SASDAT\INPUT.DAT"; 
INPUT A B C D E Y; 

TRANSY=L0G(Y+1); 
RUN; 

PROC GLM DATA=BELLE; 
CLASS A B O D E ; 

TITLE "UNTRANSFORMED FULL MODEL"; 
MODEL Y= A|B|C|D|E/P; 
OUTPUT OUT=UNTRANS P=FIT R=RESID; 
RUN; 

PROC PLOT DATA=UNTRANS; 

TITLE"UNTRANSFORMED RESIDUAL PLOT"; 
PLOT RESID*Y/VP0S=30; 
PLOT RESID*FIT/VP0S=30; 

RUN; 

PROC UNIVARIATE DATA=UNTRANS PLOT NORMAL; 
TITLE "UNTRANSFORMED NORMALITY TESTING" 
VAR RESID; 

RUN; 

PROC GLM DATA= BELLE; 
CLASS A B O D E ; 

TITLE "TRANSFORMED FULL MODEL"; 
MODEL TRANSY= A|B|C|D|E; 
MEANS A B O D E / TUKEY; 
OUTPUT OUT=TRANS P=FIT R=RESID; 
RUN; 

PROC PLOT DATA=TRANS; 
TITLE"TRANSFORMED RESIDUAL PLOT"; 
PLOT RESID*Y/VP0S=30; 
PLOT RESID*FIT/VP0S=30; 

RUN; 

PROC UNIVARIATE DATA=TRANS PLOT NORMAL; 
TITLE "TRANSFORMED NORMALITY TESTING"; 
VAR RESID; 

RUN; 

QUIT; 

Figure 5.8 SAS source code for the 2̂  experiment and normality testing. 
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UNTRANSFORMED RESIDUAL PLOT 

Plot of RESID*FIT. Legend: A = 1 obs, B = 2 obs, etc. 
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Figure 5.9 Scatter plot between residuals and predicted values. 

From the plot, we can easily spot the problem of non-constant variance. As the 

predicted value gets larger, the range of the variation gets larger as well. The range of the 

data in the right hand side is wider than the range of the data in the left hand side. Hence 

the constant variance assumption may not be satisfied. 
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Figure 5.10 Histogram and normality plot for untransformed data. 
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Table 5.3 Univariate procedure for untransformed data. 

UNTRANSFORMED NORMALITY TESTING 

Univariate Procedure 

Variable=RESID 

N 
Mean 

Std Dev 

Skewness 

uss 
cv 
T:Mean=0 

Num "= 0 

M(Sign) 

Sgn Rank 

W:Normal 

Moments 

1600 

0 
2.055225 

1.413218 

6754.093 

0 
1600 

-285 

-125463 

0.89113 

Sum Wgts 

Sum 
Variance 

Kurtosis 

CSS 
std Mean 

Pr>|T| 

Num > 0 

Pr>=|M| 

Pr>=|S| 

Pr<W 

1600 

0 
4.223948 

3.77561 

6754.093 

0.051381 

1.0000 

515 
0.0001 

0.0001 

0.0001 

Quantiles{Def=5) 

100% Max 12.08722 

75% 03 0.547153 

50% Med -0.23506 

25% Q1 -1.04771 

0% Min -4.23102 

Range 

03-01 

Mode 

16.31823 

1.59486 

-133E-17 

99% 

95% 

90% 

10% 

5% 

1% 

7.052991 

4.1409 

2.660841 

-2.03568 

-2.66891 

-3.76078 

Extremes 

Lowest Obs Highest Obs 

-4.23102( 989) 8.818697( 566) 

-4.10694( 1194) 9.430253( 965) 

-4.10694( 1188) 10.31266{ 1265) 

-4.10694( 1153) 11.54862( 1128) 

-4.03923{ 1586) 12.08722( 178) 

From Figure 5.10 and Table 5.3, the normality plot shows the deviation from the 

straight line and the W statistic value is 0.89113 withp-value less than 0.0001(in SAS the 

smallest p-value that can be displayed in the output is 0.0001). Thus, the normal 
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distribution does not seem to be a reasonable approximation to the tme distribution of the 

residuals. 

At this point we know that the normality and constant variance assumptions are 

violated, so we use a data transformation to attempt to fix the problem. We use different 

kinds of transformations such as square (7^), exponential e^, square root (VF), log 

ttansformation (log(F+/)) and inverse ttansformation . The reason that we add 1 
\Y + \) 

for the log transformation and the inverse transformation is because our data contain 

zeroes. Each transformation reveals the normality plot and test statistic. Among those 

ttansformations, the best transformation that yields the best W statistic is the inverse 

transformation (see Figure 5.11). 

0.75+ 
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Normal Probability Plot 
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Figure 5.11 Normality plot for the inverse transformed data. 
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From the normality plot, we can see slight deviation from the straight line at the 

high end. However, we need to look at the W statistic to confirm the normality 

assumption. The test statistic is shown in Table 5.4. 

Table 5.4 Univariate procedure for the invert transformed data. 

TRANSFORMED NORMALITY TESTING 

Univariate Procedure 

Variable=RESID 

Moments 

N 1600 Sum Wgts 1600 
Mean 0 Sum 0 
std Dev 0.282763 Variance 0.079955 
Skewness -0.08973 Kurtosis -0.49561 
uss 127.8483 CSS 127.8483 
cv . std Mean 0.007069 
T:Mean=0 0 Pr>|T| 1.0000 
Num "= 0 1600 Num > 0 913 
M(Sign) 113 Pr>=|M| 0.0001 
Sgn Rank 14225 Pr>=|S| 0.4417 

W:Normal 0.974317 Pr<W 0.0001 

Quantiles(Def=5) 

100% Max 
75% 03 
50% Med 
25% 01 
0% Min 

Range 
03-01 
Mode 

Lowest 
-0.84454( 
-0.77869{ 
-0.7447( 
-0.73754( 
-0.72413( 

0.704722 99% 
0.216596 95% 
0.01344 90% 
-0.20615 10% 
-0.84454 5% 

1% 
1.549264 
0.422748 
2.22E-16 

Extremes 

Obs Highest 
217) 0.678327( 
566) 0.700998( 
653) 0.700998( 
201) 0.704722( 
13) 0.704722( 

0.559565 
0.470859 
0.39328 
-0.38296 
-0.46618 
-0.60855 

Obs 
946) 
1570) 
1586) 
906) 
940) 
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From Table 5.4, the W-statistic is 0.974317 with the p-value less than 0.0001. 

Since the p-value is very small and the normality plot shows some problems of deviation 

at the high end, the assumption that the tme distribution of the residual is normal is not 

reasonable. Thus, the ANOVA as well as the output from PROC GLM in SAS are 

invalid. 

Nonparametric Statistic 

Factors Levels Testing 

We will use a non-parametric test to perform the hypotheses testing on the 

differences of the levels for each factor. Each factor from our data has only two levels 

(low and high). We then hypothesize two levels of each factor as follows: 

//g,: Effects are equal for all levels of the number of jobs factor 

/ / , , : One of the levels is not equal to the other, 

HQ2 '• Effects are equal for all levels of the earliness penalty weight (a) factor 

/ / ,2: One of the levels is not equal to the other, 

//o3: Effects are equal for all levels of the tardiness penalty weight (P) factor 

/ / ,3 : One of the levels is not equal to the other, 

//o4: Effects are equal for all levels of the due date penalty weight (5) factor 

/ / ,4: One of the levels is not equal to the other, 

//o5: Effects are equal for all levels of the cost per batch delivery (y) factor 

HI. : One of the levels is not equal to the other. 
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In order to test two independent samples for each factor, we will use the Mann-

Whitney test (also known as Wilcoxon test). This test is based on rank. The rank test is 

robust and it performs very well, even the normal distribution assumption is met, the loss 

of efficiency using the rank test instead of using usual parametric tests is surprisingly 

small (Conover, 1999, p. 269). Conover (1999, p. 271) also pointed out that the Mann-

Whitney test is designed to detect differences between the two independent samples in 

which one sample receives one treatment and the other sample receives a different 

treatment. The Mann-Whitney test approach is to combine both sample data sets into a 

single non-decreasing ordered sample and then assign ranks to the sample values from 

the smallest value to the largest value, regardless of which population each value comes 

from. The test statistic might be the summation of the ranks assigned to those values 

from one of the populations. If the summation is too small or too large, it means that the 

values from that population tend to be smaller or larger than the other population. 

Therefore, the null hypotheses of no differences between populations may be rejected. 

Mann-Whitney Test Statistic 

1. If there are no ties or just a few ties, the summation of the ranks assigned to 

the sample from population 1 is used as a test statistic as follows: 

T = '£R(Xi). 5.2 

Where X,. denotes the random sample of size n from the population 1. 

R(X.) denotes the rank assigned to X.. 

2. If there are many ties, subtract the mean from Tand divide by the standard 

deviation, thus the new test statistic is: 
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rj, N + l 
T -n 

T = 2 53 
I ""̂  YR^ nm(N + \f' 

iN(N-l)tt ' 4(N-l) 

Where ^Rf is the sum of the squares of all A'̂  of the ranks. 

7V= « -I- w, w is the sample size of the population 2. 

We use statistical software to perform the test for us. MINITAB release 12 is 

used. For more information on using MINITAB, please refer to Carver's book (Carver, 

1999). The results for each test are presented in Tables 5.5, 5.6, 5.7, 5.8, and 5.9 for the 

factors of number of jobs, earliness penalty weight, tardiness penalty weight, due date 

penalty weight, and cost per batch delivery, respectively. 

Number of Job Factor 

According to Table 5.1, the treatment numbers 1 to 16 refer to the low level of 

number of job factor and numbers 17 to 32 refer to the high level. From our data, we 

have 50 replications for each treatment. Thus, the data numbers 1 to 800 are classified as 

the low level group and the data number 801 to 1,600 are classified as the high level 

group. We use MINITAB to perform the Mann-Whitney test to see any differences 

between these two groups. From the preliminary result, it showed a difference between 

these two levels. Thus, we rehypothesize the effects of the levels of the number of job 

factor as follows: 

HQ^ : Effects are equal for all levels of the number of jobs factor 

Hxx: The effect of the low level is less than the effect of the high level 
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Table 5.5 Test results for the number of jobs factor. 

Mann-Whitney Confidence Interval and Test 

Lown N = 800 Median = 0.0000 
Highn N = 800 Median = 1.3219 
Point estimate for ETA1-ETA2 is -0.5336 
95.0 Percent CI for ETA1-ETA2 is (-0.7436,-0.3208) 
W = 531905.0 
Test of ETAl = ETA2 vs ETAl < ETA2 i s s i g n i f i c a n t a t 0.0000 
The t e s t i s s i g n i f i c a n t a t 0.0000 (adjusted for t i e s ) 

From Table 5.5, the result from the test leads to the rejection ofH^^. Thus, we 

can conclude //,, that the effect of the low level of the number of job factor is less than 

the effect of the high level of the factor. 

Earliness Penalty Weight Factor 

From Table 5.1, the treatments number 1 to 8 and 17 to 24 are classified as low 

level for the earliness penalty weight factor and the treatments numbers 9 to 16 and 25 to 

32 are for the high level. Thus, the data numbers 1 to 400 and 801 to 1,200 are in the low 

level and the data numbers 401 to 800 and 1,201 to 1,600 are in the high level. We use 

MFNITAB to perform the Mann-Whitney test to see any differences between these two 

data from two different levels. We recall the hypotheses for the eariiness penalty weight 

factor as follows: 

HQ2 • Effects are equal for all levels of the eariiness penalty weight (a) factor 

/ / ,2: One of the levels is not equal to the other 
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Table 5.6 Test results for the earliness penalty weight factor. 

Mann-Whitney Confidence Interval and Test 

Lowalpha N = 800 Median = 0.0000 
Highalph N = 800 Median = 0.5051 
Point estimate for ETA1-ETA2 is -0.0000 
95.0 Percent CI for ETA1-ETA2 is (-0.0001,0.0001) 
W = 631646.0 
Test of ETAl = ETA2 vs ETAl not = ETA2 i s s i g n i f i c a n t a t 0.3435 
The t e s t i s s i g n i f i c a n t a t 0.3177 (adjusted for t i e s ) 

Cannot r e j e c t a t a lpha = 0.05 

Table 5.6 shows that we cannot reject //(,2that effects are equal for all levels of 

the earliness penalty weight factor. 

Tardiness Penalty Weight Factor 

With regard to Table 5.1, the treatment number 1 to 4, 9 to 12, 17 to 20 and 25 to 

28 are referred to as low level for the tardiness penalty weight factor and the treatment 

number 5 to 8, 13 to 16, 21 to 24 and 29 to 32 are at the high level. These classifications 

are applied to our data in the same way as the treatment numbers, i.e., data 1 to 200,401 

to 600, 801 to 1,000 and 1,201 to 1,400 are for the low level, and data 201 to 400, 601 to 

800, 1,001 to 1,200 and 1,401 to 1,600 are for the high level. From the preliminary 

testing, we used MINITAB to perform the Mann-Whitney test to see any differences 

between these two levels and it showed the difference between levels. Thus, we 

rehypothesize the effects of the levels of the tardiness penalty weight factor as follows: 

//o3: Effects are equal for all levels of the tardiness penalty weight (P) factor 

/ / , 3 : The effect of the lower level is greater than the effect of the high level 

125 



Table 5.7 Test results for the tardiness penalty weight factor. 

Mann-Whitney Confidence Interval and Test 

Lowbeta N = 800 Median = 0.7731 
Highbeta N = 800 Median = 0.0000 
Point estimate for ETA1-ETA2 is 0.0000 
95.0 Percent CI for ETA1-ETA2 is (-0.0000,0.0000) 
W = 683667.0 
Test of ETAl = ETA2 vs ETAl > ETA2 is significant at 0.0000 
The test is significant at 0.0000 (adjusted for ties) 

Based on the test results given in Table 5.7, we can reject//03 and conclude //,3 

that the effect of the low level of the tardiness penalty weight factor is greater than the 

high level of the factor. 

Due Date Penalty Weight Factor 

As referred in Table 5.1, the treatment numbers 1 to 2, 5 to 6, 9 to 10, 13 to 14, 17 

to 18, 21 to 22, 25 to 26,and 29 to 30 are seen as the low level for the due date penalty 

weight factor and the treatment numbers 3 to 4, 7 to 8, 11 to 12, 15 to 16,19 to 20, 23 to 

24, 27 to 28, and 31 to 32 are referred as the high level for the factor. These 

classifications are the same for our data. From the preliminary testing, we used 

MINITAB to perform the Mann-Whitney test to see any differences between these two 

levels and it showed the difference. Thus, we rehypothesize the effects of the levels of 

the due date penalty weight factor as follows: 

//o4: Effects are equal for all levels of the due date penalty weight (S) factor 

H : The effect of the low level is less than the effect of the high level 
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Table 5.8 Test results for the due date penalty weight factor. 

Mann-Whitney Confidence Interval and Test 

Lowdelta N = 800 Median = 0.0000 
Highdelt N = 800 Median = 1.5650 
Point estimate for ETA1-ETA2 is -0.7299 
95.0 Percent CI for ETA1-ETA2 is (-0.9656,-0.4979) 
W = 523286.5 
Test of ETAl = ETA2 vs ETAl < ETA2 i s s i g n i f i c a n t a t 0.0000 
The t e s t i s s i g n i f i c a n t a t 0.0000 (adjusted for t i e s ) 

The results from Table 5.8 make us rejectH^^. Thus, we conclude H^^ that the 

effect of the low level of the due date penalty weight factor is less than the effect of the 

high level of the factor. 

Cost Per Batch Delivery Factor 

Regarding Table 5.1, the treatment numbers 1, 3, 5, 7, 9, 11, 13, 15, 17, 19,21, 

23, 25, 27, 29, 31 refer to the low level and treatment numbers 2, 4, 6, 8, 10, 12, 14, 16, 

18, 20, 22, 24, 26, 28, 30, 32 refer to the high level for cost per batch delivery factor. 

These classifications are the same for our data. From the preliminary testing, we used 

MESflTAB to perform the Mann-Whitney test to see any differences between these two 

levels and it showed the difference. Thus, we rehypothesize the effects of the levels of 

the cost per batch delivery factor as follows: 

//o5: Effects are equal for all levels of the cost per batch delivery (/) factor 

// i5: The effect of the low level is less than the effect of the high level 
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Table 5.9 Test results for the cost per batch delivery factor. 

Mann-Whitney Confidence Interval and Test 

Lowgamma N = 800 Median = 0.2938 
Highgamm N = 800 Median = 0.3334 
Point estimate for ETA1-ETA2 is -0.0000 
95.0 Percent CI for ETA1-ETA2 is (0.0001,0.0000) 
W = 619561.0 
Test of ETAl = ETA2 vs ETAl < ETA2 i s s i g n i f i c a n t a t 0.0121 
The t e s t i s s i g n i f i c a n t a t 0.0087 (adjusted for t i e s ) 

The results in Table 5.9 lead to the rejection of H^^. Then, we conclude //,5 that 

the effect of the low level of the due date penalty weight factor is less than the effect of 

the high level of the factor. 

We summarize the hypotheses testing for the differences between levels of the 

factors as follows: There are differences between levels of number of jobs factor, 

tardiness penalty weight factor, due date penalty weight factor, and cost per batch 

delivery factor. The only factor that does not have a difference between levels is the 

earliness penalty weight factor. For the number of jobs, due date penalty weight, and cost 

per batch delivery factors, the effect of the low level is less than the effect of the high 

level of the respected factors. In contrast, for the tardiness penalty weight factor, the 

effect of the low level is greater that the effect of the high level of the factor. These 

conclusions are based on the available information. We have to keep in mind that there 

may or may not be interactions between factors, in which the interactions can affect the 

ways we interpret and conduct the hypotheses. 
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Treatment Combinations Testing 

According to our completely randomized 2̂  factorial experiment, we have a total 

of 32 treatment combinations as shown in Table 5.1. We are interested in finding out any 

differences between treatment combinations. Thus, we hypothesize the treatment 

combinations as follows: 

H^f^: There are no differences between treatments 

/ / ,5 : At least one of the treatments is not equal to the other 

We will use the Kmskal-Wallis test to perform the hypotheses testing to see the 

differences between treatments. The Kmskal-Wallis test is based on the rank test. It is 

designed to perform the test on more than 2 independent samples with a completely 

randomized experiment (Conover, 1999). The test statistic Tis given as follows: 

S^ 

^^Rf N(N + 1)^^ 

1 / . . . , , ^ 2 ^ 

s'= ^ S . ( ; . , ) - ^ ^ 
^all ranks 

5.4 

5.5 

5.6 

N-\ 

If there is no tie 5^ simplifies to N(N +1)/12, and the test statistic reduces to: 

T = —^^—y^-3(N + \), 
N(N + \)j:in, 

k ", 

where TV = X"< ^nd R, = ^R(Xy)for i = \,...,k. 
i=\ y=i 

If Hg^is rejected, the multiple comparisons procedure is applied to determine 

which pairs of populations tend to differ. In pair wise comparisons, the population / and; 

seem to be different if the following inequality is satisfied: 

129 



n. nj ^ ' H « / 2 ) I ^ ^ _ ^ 5.7 

We use MINITAB to perform the Kmskal-Wallis test on our 32 treatment 

combinations data. The resuh of this test is given in Table 5.10. From the result, the H 

statistic value is 662.21 withp-value equal to 0.000. Then we can reject the null 

hypotheses H^^and conclude the altemative hypotheses //,6 that there is at least one 

treatment, which differs from the other. Because H^^is rejected, the multiple 

comparisons are conducted to determine which pair of the treatments tends to differ. We 

hypothesize the differences of each pair of treatments as follows: 

HI: Pi^Pj 

where //,. and Pj denote the means percentage deviation of treatment / and;, for all ij 

combinations, i^ j , i = 1,...,32, and j = 1,...,32. We can either use the inequality 5.7 to 

determine the differences or use the Mann-Whitney to test the hypotheses of muhiple pair 

wise comparisons. 

The results of multiple pair wise comparisons using the Mann-Whitney test are 

summarized in Table 5.11, where the column and row represent the treatment number. If 

there is no difference between treatments / andy, where i^ j , the table will show the 

letter 'N'. In contrast, if the row /"" is greater than or less than the column/*, the table 

will show the letter 'G' or 'L', respectively. For treatments number 2 and 6, they contain 

only zeroes. Thus, we have to use inequality 5.7 to test any differences between them 

and other treatments. 
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Table 5.10 The results of Kmskal-Wallis test on 32 treatment combinations. 

Kruskal-Wallis Test 

Kruskal-Wallis Test on %deviati 

Treatmen 
1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
Overall 

N 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 
50 

1600 

Median 
O.OOE+00 
O.OOE+00 
7.39E-01 
1.23E+00 
O.OOE+00 
O.OOE+00 
O.OOE+00 
1.85E+00 
1.37E+00 
O.OOE+00 
1.25E+00 
O.OOE+00 
1.75E+00 
O.OOE+00 
O.OOE+00 
2.06E+00 
1.02E+00 
O.OOE+00 
3.83E+00 
5.27E+00 
O.OOE+00 
O.OOE+00 
6.16E-01 
3.92E+00 
5.44E-01 
6.20E-01 
3.24E+00 
3.53E+00 
3.56E-01 
1.21E+00 
3.28E-02 
4.16E+00 

Ave Rank 
466.7 
373.5 
879.2 
995.8 
424.4 
373.5 
643.9 
952.9 
865.6 
519.2 
829.3 
526.1 
983.7 
414.4 
428.6 
961.2 
841.6 
689.5 
1244.2 
1362.0 
692.6 
623.6 
858.0 
1211.3 
823.4 
864.0 
1082.0 
1311.1 
708.8 
801.2 
619.2 
1245.2 
800.5 

Z 
-5.19 
-6.64 
1.22 
3.04 
-5.85 
-6.64 
-2.43 
2.37 
1.01 
-4.37 
0.45 
-4.27 
2.85 
-6.00 
-5.78 
2.50 
0.64 
-1.73 
6.90 
8.73 
-1.68 
-2.75 
0.89 
6.39 
0.36 
0.99 
4.38 
7.94 
-1.43 
0.01 
-2.82 
6.91 

H = 595.09 DF = 31 P 
H = 662.21 DF = 31 P 

0.000 
0.000 (adjusted for ties) 
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From the results of multiple pair wise comparisons in Table 5.11, we notice that 

the treatment numbers 1, 5, 10, 12, 14, 15 have a lower effect than the other treatments. 

On the other hand, the treatment numbers 19, 20, 24, 27, 28, 32 have a greater effect than 

the other treatments. We do not detect any patterns or trends on the differences between 

treatments. However, we know that the differences between treatments are from the 

differences of levels of the factors. 

Efficiency of Heuristic 

The purpose of measuring the efficiency of the heuristic is to determine how fast 

the heuristic is mn under different kinds of problems. One way to measure the efficiency 

of the heuristic is to compare the CPU time versus the size of the problem. The CPU 

time is the time that the computer uses to execute the program to solve the problem and it 

is measured in seconds. For the size of the scheduling problem, it generally depends on 

the number of jobs. Thus, we can vary different numbers of jobs from 5 to 80 jobs to see 

any differences between CPU times. In addition, we mn the dynamic programming 

algorithm on the same problems that we mn the heuristic to compare these two 

algorithms. Figure 5.12 shows the plots between the CPU time in the Y-axis and number 

of jobs in the X-axis. From the plots, we can see that the heuristic's CPU time does not 

vary much when the size of the problem changes. On the other hand, the CPU time of 

dynamic programming algorithm tends to increase dramatically when the size of the 

problem gets larger. These results are justified because we know that our heuristic has 

the complexity in polynomial time and the dynamic programming algorithm has the 

complexity in pseudopolynomial time. 
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Figure 5.12 The efficiency of heuristic and dynamic programming algorithm. 

Chapter Summary 

We used the 2^ factorial design with 50 replications to analyze the performance of 

our heuristic. The normality assumption and the constant variance assumption of the 

residuals are violated. These two assumptions are essential for the parametric statistical 

inferences in the analysis of the result for the experiment. The reason why the normality 

assumption is violated is because there are a lot of zeroes in the data, which make the 

distribution of the residuals skew to right (left skew) in the histogram plot (see Figure 

5.10). We have tried to fix the problem of violations of the assumptions by using data 

transformations. None of the transformations satisfied the normality assumption. Thus, 

we used a non-parametric test to perform the hypotheses testing between the levels of 

each factor as well as the differences between 32 treatments. The results from the test led 
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to the conclusion that there are differences between levels of number of jobs, tardiness 

penalty weight, due date penalty weight, and cost per batch delivery factors, except the 

eariiness penalty weight factor. Moreover, the effect of the low level of the number of 

job, due date penalty weight and cost per batch delivery factors is less than the effect of 

the high level of the respected factors. In contrast, the effect of the low level of the 

tardiness penalty weight factor is greater than the effect of the high level. For the 

differences between treatments, we conclude that there are differences between the 32 

tteatments. We notice that the treatment numbers 1, 5, 10, 12, 14, 15 have a lower effect 

than the other treatments; while, the treatment numbers 19, 20, 24, 27, 28, 32 have a 

greater effect than the other treatments. For the efficiency of the heuristic, we conclude 

that our heuristic can solve a large problem in a small amount of time. The CPU time of 

the heuristic is relatively small compared to the dynamic programming algorithm. 
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CHAPTER VI 

CONCLUSIONS AND FUTURE RESEARCH 

Conclusions 

In the conclusion of our research, we would like to summarize what have we done 

in the previous chapters. In the first chapter, we introduced the concept of traditional 

just-in-time scheduling problem, which only considers three main costs: eariiness penalty 

cost, tardiness penalty cost, and the due date penalty cost, and the concept of just-in-time 

scheduling with batch delivery. We provided the justification of the batch delivery and 

the concept behind the delivery cost. We then presented the literature related to our 

research in Chapter II. The literature is mainly divided into two sections: a just-in-time 

scheduling problems section and a batch scheduling problems section. In Chapter III, we 

provided an in-depth analysis of the just-in-time scheduling with batch delivery. We 

presented the problems into two main aspects according to the due date. The first aspect 

is the unrestricted due date case and the second aspect is the restricted due date case. In 

the unrestricted due date case, we constmcted two dynamic programming algorithms and 

one heuristic based on a greedy algorithm method. For the restricted due date case, we 

presented four dynamic programming algorithms to solve the problem optimally in 

pseudo polynomial time. At the end of the chapter, we provided the chapter summary 

section, where the reader can see the big picture of Chapter III. In Chapter IV, we 

created an extension to include the customer penalty cost. We distinguished the customer 

penalty cost into two cases, where in the first case, the customer penalty is fixed and does 

not depend on the position of the job in the schedule. In the second case, the customer 
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penalty acts like the penalty rate, where the cost can vary from zero, when the job is 

positioned in the last batch, to some positive numbers. For each case, we provided a 

dynamic programming algorithm to solve the problem optimally. At the end of the 

chapter, we presented a chapter summary where the reader can see the summary and gain 

more understanding of what has been done in the chapter. In Chapter V, we ran a 

computer simulation experiment to determine the performance of our heuristic. The 

statistical analysis was conducted and some conclusions from the experiment are 

summarized at the end of the chapter. 

Recommendations for Future Research 

There are several extensions for the problem of common due date just-in-time 

scheduling with batch delivery. We distinguished our recommendations for fijture 

research for deterministic scheduling and stochastic scheduling as follows: 

Deterministic Scheduling 

The problem of common due date just-in-time scheduling with batch delivery can 

be extended to a multiple machines problem. There are several characteristics for the 

multiple machines scheduling such as parallel machines, flow shop machines, and job 

shop machines. We see a promising extension with parallel machines problem because 

each individual machine in the parallel machines can be viewed as a single machine 

problem. Another aspect of the extension can be done on the due date and penalty 

weights. In our research, we studied common due date with constant penalty weights 
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scheduling. In a possible extension, each job can have its own due date as well as its own 

penalty weights. However, the problem complexity will increase dramatically. 

Stochastic Scheduling 

The stochastic scheduling has come to the attention of numerous scheduling 

researchers for many years. In our research, we assumed every thing to be deterministic. 

Thus, we know before hand the information about job processing times, due date, and 

penalty weights. However, sometimes we do not have the luxury to know all the 

information before hand. Thus, we need to use the previous data to estimate the 

parameters values. An extension could be done when to consider the mean and variance 

of the parameter at the same time. If the estimated data has a small variance, we could 

then use only the mean and treat it as the deterministic scheduling. 

Final Remarks 

The author feels that the scheduling research direction leans toward a combination 

of other areas such as Supply Chain Management, Revenue Management, etc. For 

instance, a manufacturing schedule should take into consideration customer costs as well 

as the supplier costs and the effect of the schedule on the other levels of the Supply 

Chain. In the Revenue Management area, the scheduling objective may change from 

minimizing the total costs to maximizing the revenue of the manufacturer by taking into 

consideration of what is called "hot jobs." A hot job is defined as a job that generates 

large amounts of revenue in a short period of time. 
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APPENDIX A 

C++ SOURCE CODE FOR DESIGN OF EXPERIMENT 
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// 
// FOR USE WITH HIGH LEVEL OF NUMBER OF JOB FACTOR IN DESIGN OF EXPERIMENT 
// What: 
// Title: Algorithm 1: Dynamic programming for unrestricted due date 
// Description: 
// This program is to find a schedule that minimize 
// earliness penalty, tardiness penalty, due date 
// penalty, and batch delivery cost for single machine 
// with unrestrictive due date. 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August 29, 2001 
// Last changed August 29, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// Number of jobs 
// Processing time of jobs 
// Earliness penalty weight 
// Tardiness penalty weight 
// Due date penalty weight 
// Batch delivery cost (per batch) 
// 
// Output: 
// A schedule with total cost. 
// 
// 
#include <iostream> 
#include <fstream> 
#include <string> 

using namespace std; 

const int m=10,Pm=34,n=l l,Pn=35; // array is from 0 to n-l,m = # of jobs 
const unsigned short infmity=32000; 
void compare(unsigned short,unsigned short,unsigned short&); 
void printout(int,int,int,int,int,unsigned short); 
unsigned short mincost; 

ifstream inputlist.input; 
ofstream output("outputHall .txt"); 

intmain(){ 
unsigned short gamma, alpha, beta, delta, proc; 
int i,kj,s,u,jj,ss,uu; 
unsigned short cost[n][n][n][Pn][n]; 
unsigned short coste,c2star,c2startemp,c2starfinal; 
unsigned short costt,clstar,clstartemp,clstarfmal; 
unsigned short Pi=0,min,out; 
string list,filename; 
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//Define list (this step is not neccessary) 
list="Highlist.list"; 

//Open listname of file 
inputlist.open(list.c_str()); 
inputlist»filename; 

while (inputlist) { 
input.open(filename.c_str()); 
input»alpha; 
input»beta; 
input»delta; 
input»gamma; 

//Initialize step 
for(i=0;i<n;i-H-){ 

for(k=0;k<n;k-H-){ 
forCJ=0;j<n;j++){ 

for(s=0;s<Pn;s-H-){ 
for(u=0;u<n;u++){ 

cost[i] [k] Lj ] [s] [u]=infinity; 
} 

} 
} 

} 
} 
Pi=0; 
mincost=infinity; 

// Read data from file 
//Big loop ij,s,and u starts here!!! 
for(i=l;i<=m;i-H-){ 

input»proc; 
Pi=Pi+proc; 

//1111111111111111111111111111111111111111111111111111111111111111111111 
if(i==l){ 

//first job in early side 
u=l; 
k=0j=0,s=0; 
cost[i] [k] [j ] [s] [u]=gamma+(m*delta*proc); 

//first job in tardy side 
u=0; 
k=l,j=l,s=proc; 
cost[i] [k] [j] [s] [u]=(proc*beta)+gamma; 

} 
//11111111111111111111111111111111111111111111111II11111111111111111111 
else{ 
lll++l++l++2++l++l++l++l++l++l++l++l++l++l++l++2++l++l++l++l++l++2++2-^ 
for(k=0;k<=i;k-K-){ 

forG=0;j<=i;j++){ 
for(s=0;s<=Pi;s-H-){ 
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for(u=0;u<=i;u+-i-){ 
//easel 1111111111111111111111111111111111111111111111111111 
if(G!=l||s!=proc)&&(u!=l)&&(j<=k)){ 

if((u-1 >=0)&&(k-1 >=0)&&(j-1 >=0)&&(s-proc>=0)) { 
coste=cost[i-l][k][j][s][u-l]+((u-l)*proc*alpha)-H(m*delta*proc); 
costt=cost[i-1 ][k-l ][j-1 ][s-proc][u]+(s*beta)+((k-l )*proc*beta)+(G-1 )*proc*alpha); 
compare(coste,costt,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,k,j,s,u,out); 

} 
elseif(u-l>=0){ 

coste=cost[i-1 ][k][j][s][u-1 ]+((u-1 )*proc*alpha)+(m*delta*proc); 
cost[i] [k] [j] [s] [u]=coste; 
out=coste; 
printout(i,k,j,s,u,out); 

} 
else if((k-1 >=0)&&G-1 >=0)&&(s-proc>=0)) { 

costt=cost[i-1 ][k-1 ][j-1 ][s-proc][u]+(s*beta)+((k-1 )*proc*beta)+((j-1 )*proc*alpha); 
cost[i][k][j][s][u]=costt; 
out=costt; 
printout(i,kj,s,u,out); 

} 
else{ 

continue; 

//case22222222222222222222222222222222222222222222222222222 
else if((j== 1 )&&(s==proc)&&(u!=1 )&&()<=k)) { 

if((u-l>=0)&&(k-l>=0)){ 
coste=cost[i-1 ] [k] [j] [s] [u-1 ]+((u-1 )*proc*alpha)+(m*delta*proc); 
//find clstar 
clstar=infinity; 
for(jj=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss-H-) { 
c 1 startemp=cost[i-1 ] [k-1 ] [jj ] [ss] [u]; 

if(c 1 star>c 1 startemp) { 
clstar=clstartemp; 

c 1 starfinal=c 1 star+(s*beta)+((k-1 )*proc*beta)+gamma; 
compare(coste,c 1 starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,k,j,s,u,out); 

} 
elseif(k-l>=0){ 

//find clstar 
clstar=infmity; 
foraj=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss-H-) { 
c 1 startemp=cost[i-1 ] [k-1 ] [jj ] [ss] [u]; 
if(c 1 star>c 1 startemp) { 
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clstar=cl startemp; 

cost[i][k][j][s][u]=clstar+(s*beta)+((k-l)*proc*beta)+gamma; 
out=cost[i][k][j][s][u]; 
printout(i,kj,s,u,out); 

} 
else{ 

continue; 

//case33333333333333333333333333333333333333333333333333333 
elseif(()!=l||s!=proc)&&(u==l)&&(j<=k)){ 

if((j-1 >=0)&&(s-proc>=0)&&(k-1 >=0)) { 
costt=cost[i-1 ] [k-1 ] [j-1 ] [s-proc] [u]+(s*beta)+((k-1 )*proc*beta)+(0 -1 )*proc*alpha); 

//find c2star 
c2star=infinity; 
for(uu=0;uu<=i;uu++) { 

c2startemp=cost[i-l][k][j][s][uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 
} 

} 
c2starfinal=c2star-l-gamma+(m*delta*proc); 
compare(costt,c2starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,kJ,s,u,out); 

} 
else { 

//find c2star 
c2star=infmity; 
for(uu=0;uu<=i;uu-H-) { 

c2startemp=cost[i-1 ] [k] [j ] [s] [uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 

cost[i] [k] [j] [s] [u]=c2star+ganima+(m*delta*proc); 
out=cost[i][k][j][s][u]; 
printout(i,kJ,s,u,out); 

} 

//case44444444444444444444444444444444444444444444444444444 
else i f (a=1 )&&(s==proc)&&(u== 1 )&&(j<=k)) { 

//find c 1 star 
clstar=infinity; 
foraj=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss++) { 
c 1 startemp=cost[i-1 ] [k-1 ] [jj] [ss] [u]; 
if(c 1 star>c 1 startemp) { 

clstar=cl startemp; 
} 
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c 1 starfinal=c 1 star-l-(s*beta)+((k-1 )*proc*beta)+gamma; 
//find c2star 
c2star=infinity; 
for(uu=0;uu<=i;uu++) { 

c2startemp=cost[i-l][k][j][s][uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 

c2starfinal=c2star-l-gamma+(m*delta*proc); 
//compare clstarfinal and c2starfinal 
compare(c 1 starfinal,c2starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,kj,s,u,out); 

} 
//444444444444444444444444444444444444444444444444444444444 

//2++2-H-2++2-H-2++2-l-+2-H-2-H-2-H-2+-^2++2++2++2++2++2++2++2++2++2++2++2++2++2+-h 

output«"C( " « i « " , " « k « " , " « j « " , " « s « " , " « u « " ) = "; 
output«mincost«"\n"; 
input.closeO; 
inputlist»filename; 

} 
// inputlist.close(); 
return 0; 

//Find minimum function 
void compare(unsigned short x, unsigned short y, unsigned short & z) { 

if(x<y){ 
z=x; 

} 
else{ 

z=y; 

//printout function 
void printout(int i, int k, int j , int s, int u, unsigned short out){ 

if ((out < infinity) && (i==m)){ 
if(out<=mincost) { 

mincost=out; 
} 

} 
} 
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// — 
// FOR USE WITH HIGH LEVEL OF NUMBER OF JOBS FACTOR IN DESIGN OF EXPERIMENT 
// What: 
// Title: Algorithm 2: Heuristic based on greedy algorithm method 
// 
// Description: 
// This program is to find a schedule that minimize 
// earliness penalty, tardiness penalty, due date 
// penalty, and batch delivery cost for single machine 
// with unrestrictive due date. 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August28, 2001 
// Last changed September 6, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// Number of jobs 
// Processing time of jobs 
// Earliness penalty weight 
// Tardiness penalty weight 
// Due date penalty weight 
// Batch delivery cost (per batch) 
// 
// 
// Output: 
// A schedule with total cost. 
// 
// 
#include <iostream> 
#include <fstream> 
#include <string> 

using namespace std; 

const n= 10; 
void printout(int,int); 

ifstream inputlist,input; 
ofstream output("outputHal2.txt"); 

// Define fiinction used in this program 
int TotalcostZe (); 
int TotalcostZt (); 

// Define global variables 
int Z,Ztempl[n+l],Ztemp2[n+l]; 
int gamma,beta,alpha,delta; 
int i,proc[n+l]; 
intAbsE,e,Ecost2,pE[n+l],pEtemp[n+l],x,Pesum; 
intAbsT,t,Tcostl,Tcost2[n+l],Tcost2e[n+l],Tcost2t[n+l]; 

152 



int pT[n+l],pTtemp[n+l],y; 

int main(){ 

//Define local variable 
int j ,pefinal [n+1 ] ,ptfinal [nH-1 ]; 
string list,filename; 

//Define list 
list="Highlist.list"; 

//Open listname of file 
inputlist.open(list.c_str()); 
inputlist»filename; 

while (inputlist) { 
input.open(filename.c_str()); 
input»alpha; 
input»beta; 
input»delta; 
input»gamma; 

//initialize 
AbsE=0; 
e=0; 
Ecost2=0; 
x=0; 
y=0; 
Pesum=0; 
AbsT=0; 
t=0; 
Tcostl=0; 
Tcost2[0]=0; 
Tcost2e[0]=0; 
Tcost2t[0]=0; 
Ztempl[0]=0; 
Ztemp2[0]=0; 
proc[0]=0; 
pEtemp[0]=0; 
pE[0]=0; 
pT[0]=0; 
pTtemp[0]=0; 
pefinal[0]=0; 
ptfinal[0]=0; 

// Read data from file 
for(i=l;i<=n;i-H-){ 

input»proc[i]; 

//Call 2 functions 
int CZe; 
CZe= TotalcostZeO; 
int CZt; 
CZt= TotalcostZtO; 
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//Find Min(Ze,Zt)=Z and update paremeters 
if(CZe<CZt){ 

Z=CZe; 
t=t-l; 
AbsE=AbsE-x; 
AbsT=AbsT-l; 
pefinal[e]=proc[i]; 
Ztemp 1 [i]=Z-Ecost2-(Pesum*delta*n)-ganima; 
Ztemp2[i]=Z-Tcost2[t]-Tcost2e[t]-Tcost2t[t]; 
printout(i,Z); 
for(j=l;j<=AbsE;j-H-){ 

pE[j]=pEtemp[jH-x]; 

else{ 
Z=CZt; 
e=e-1; 
Pesum=Pesum-proc[i]; 
ptfinal[t]=proc[i]; 
AbsT=AbsT-y; 
AbsE=AbsE-1; 
Ztemp l[i]=Z; 
Ztemp2[i]=Z-Tcost2[i]-Tcost2e[i]-Tcost2t[i] 
printout(i,Z); 
fora=l;j<=AbsT;j++){ 

pT[j]=pTtemp[j+y]; 

input.closeO; 
inputlist»filename; 
} 

// inputlist.closeO; 
return 0; 
} 
II 
//Total cost Ze 
int TotalcostZeO { 

int j ,Cm[n+1 ],m,Psum,Pmsum; 
int Cx,Ze; 
int Ecostl; 

//Add Ji in E, then AbsE=AbsE+l, e=e+l 
Cx=0; 
x=0; 
AbsE=AbsE+I; 
e=e+l; 
Pesum=Pesum+proc [i]; 
pE[AbsE]=proc[i]; 

//Find Cm and m that gives maximum Cm 
Psum=0; 
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for(j=l;j<=AbsE;j-l~f){ 
Psum=Psum+pE [j ]; 
pEtemp[j]=pE[j]; 

} 
for (m= 1; m<=AbsE-1; m-̂ -̂ ) { 

Pmsum=0; 
for(j=l;j<=m;j-h-h){ 

Pmsum=Pmsum+pE [j ]; 
} 
Cm[m]=m*alpha*(Psum-Pmsum); 

if(Cm[m]>=Cx){ 
Cx=Cm[m]; 
x=m; 

//Test Cx > batch delivery cost 
if (Cx>=gamma){ 

//Find Ze 
Ecostl=0; 
Ecost2=0; 

forG=l;j<=x;j++){ 
Ecost 1 =Ecost 1 +(pE[j] *G-1 )*alpha); 

} 
for (j=x+l ;j<=AbsE;j-H-) { 

Ecost2=Ecost2+(pE[j]*(j-x-l)*alpha); 
} 
Ze=Ecost 1 +Ecost2+Ztemp 1 [i-1 ]+(Pesum*delta*n)+(2*gamma); 

} 
else{ 

x=0; 
Ecost 1=0; 
Ecost2=0; 
forO=l;j<=AbsE;j++){ 

Ecost2=Ecost2+(pE[j]*(j-l)*alpha); 
} 
Ze=Ecost 1 +Ecost2+Ztemp 1 [i-1 ]+(Pesum*delta*n)+gamma; 

} 
return (Ze); 
} 
//-
//Total cost Zt 
int TotalcostZtO! 

int j,Ck[n+1 ],k,Psum,Pksum; 
int Cy,Zt; 
int Tcostle; 
intTcostlt; 
//Add Ji in T, then AbsT=AbsT+l, t=t+l 
Cy=0; 
y=0; 
AbsT=AbsT+l; 
t=t+l; 
pT[AbsT]=proc[i]; 
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//Find Ck and k that gives maximum Ck 
Psum=0; 
for(i=l;j<=AbsT;j+-h){ 

Psum=Psum+pT[j]; 
pTtemp[j]=pTU]; 

} 
for (k= 1; k<=AbsT-1 ;k+4-) { 

Pksum=0; 
fora=l;j<=k;j++){ 

Pksum=Pksum+pT [j ]; 
} 
Ck[k]=k*alpha*(Psum-Pksum)+beta*(Psum-Pksum); 

if(Ck[k]>=Cy){ 
Cy=Ck[k]; 
y=k; 

} 
} 
if (Cy>=gamma){ 

//Find Zt 
Tcostl=0; 
Tcostle=0; 
Tcostlt=0; 
Tcost2[i]=0; 
Tcost2e[i]=0; 
Tcost2t[i]=0; 

for(j=l;j<=y;j++){ 
Tcostle=Tcostle+(pT[j]*G-l)*alpha); 
Tcost 1 =Tcost 1+(pT[j] *(t-AbsT+1-j-Hy)*beta); 
Tcost 1 t=Tcost 1 t+(pT[j] *G-1 )*beta); 

} 
forG=y+l;j<=AbsT;j++){ 

Tcost2e[i]=Tcost2e[i]+(pT[j]*G-y-l)* alpha); 
Tcost2[i]=Tcost2[i]+(pT[j]*(t+AbsT-y-j+l)*beta); 
Tcost2t[i]=Tcost2t[i]+(pT[i]*G-y-l)*beta); 

} 
Tcost2[i]=Tcost2[i]+gamma; 
Zt=Tcost 1 +Tcost 1 e+Tcost 1 t+Tcost2 [i]+Tcost2e[i]+Tcost2t[i]+Ztemp2 [i-1 ]+(gamma); 

} 
else{ 

y=0; 
Tcost 1=0; 
Tcost le=0; 
Tcost lt=0; 
Tcost2[i]=0; 
Tcost2e[i]=0; 
Tcost2t[i]=0; 
forG=l;j<=AbsT;j++){ 

Tcost2e[i]=Tcost2e[i]+(pT[j]*G-l)* alpha); 
Tcost2[i]=Tcost2[i]+(pT[j]*(t-j+l)*beta); 
Tcost2t[i]=Tcost2t[i]+(pT[)]*G-l)*beta); 

} 
Tcost2 [i]=Tcost2 [i]+gamma; 
Zt=Tcostl+Tcostle+Tcostlt+Tcost2[i]+Tcost2e[i]+Tcost2t[i]+Ztemp2[i-l]; 
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return (Zt); 
} 

//-- -

//printout function 
void printout(int i,int Z){ 

int Zfirst=0; 
if(i==n){ 

Zfirst=(n*delta*proc[l])+((n*delta+alpha)*proc[2])+((n*delta+2*alpha)*proc[3]) 
+((n*delta+3*alpha)*proc[4])+((n*delta+4*alpha)*proc[5])+((n*delta+5*alpha)*proc[6]) 
+((n*delta+6*alpha)*proc[7])+((n*delta+7*alpha)*proc[8]) 
+((n*delta+8*alpha)*proc[9])+((n*delta+9*alpha)*proc[10])+gamma; 

if(Zfirst>=Z){ 
output«Z«"\n"; 

} 
else{ 

output«Zfirst«"\n"; 
} 

} 
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// 
// FOR USE WITH LOW LEVEL OF NUMBER OF JOB FACTOR IN DESIGN OF EXPERIMENT 
// What: 
// Title: Algorithm 1: Dynamic programming for unrestricted due date 
// Description: 
// This program is to find a schedule that minimize 
II earliness penalty, tardiness penalty, due date 
II penalty, and batch delivery cost for single machine 
// with unrestrictive due date. 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August 29, 2001 
// Last changed August 29, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// Number of jobs 
// Processing time of jobs 
// Earliness penalty weight 
// Tardiness penalty weight 
// Due date penalty weight 
// Batch delivery cost (per batch) 
// 
// Output: 
// A schedule with total cost. 
// 
#include <iostream> 
#include <fstream> 
#include <iomanip> 
#include <string> 

using namespace std; 

const int m=5,Pm=26,n=6,Pn=27; // array is from 0 to n-l,m = # of jobs 
const unsigned short infinity=32000; 
void compare(unsigned short,unsigned short,unsigned short&); 
void printout(int,int,int,int,int,unsigned short); 
unsigned short mincost; 

ifstream inputlist.input; 
ofstream output("outputLal 1 .txt"); 

int main(){ 
unsigned short gamma, alpha, beta, delta, proc; 
int i,kj,s,ujj,ss,uu; 
unsigned short cost[n][n][n][Pn][n]; 
unsigned short coste,c2star,c2startemp,c2starfinal; 
unsigned short costt,clstar,clstartemp,clstarfinal; 
unsigned short Pi=0,min,out; 
string list,filename; 
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//Define list (this step is not neccessary) 
list="Lowlist.list"; 

//Open listname of file 
inputlist.open(list.c_str()); 
inputlist»filename; 

while (inputlist)! 
input.open(filename.c_str()); 
input»alpha; 
input»beta; 
input»delta; 
input»gamma; 

//Initialize step 
for(i=0;i<n;i+-h){ 

for(k=0;k<n;k-H-){ 
forG=0;j<n;j++){ 
for(s=0;s<Pn;s-H-){ 

for(u=0;u<n;u-H-){ 
cost[i] [k] [j ] [s] [u]=infinity; 

} 
} 

} 
Pi=0; 
mincost=infinity; 

//= 
// Read data from file 
//Big loop ij,s,and u starts here!!! 
for(i=l;i<=m;i-H-){ 

input»proc; 
Pi=Pi+proc; 

//111111111111111111111111111111111111111111111111111111111111111111111111 
i f ( i= l ){ 

//first job in early side 
u=l; 
k=Oj=0,s=0; 

cost[i][k][j][s][u]=gamma+(m*delta*proc); 

//first job in tardy side 
u=0; 
k=l,j=l,s=proc; 
cost[i][k][j][s][u]=(proc*beta)+gamma; 

} 
//111111111111111111111111111111111111111111111111111111111111II1111111111 
else{ 

//2-H-2-H-2+-I-2++2++2++2++2-H-2++2++2++2-I-+2++2++2++2++2++2++2++2++2++2-H-2++2++ 
for(k=0;k<=i;k++){ 

forG=0;j<=i;j++){ 
for(s=0;s<=Pi;s++){ 

for(u=0;u<=i;u-H-){ 
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//easel 1111111111111111111111111111111111111111111111111111 
if(G!=l||s!=proc)&&(u!=l)&&G<=k)){ 

if((u-1 >=0)&&(k-1 >=0)&&G-1 >=0)&&(s-proc>=0)) { 
coste=cost[i-1 ] [k] [j ] [s] [u-1 ]+((u-1 )*proc*alpha)+(m*delta*proc); 
costt=cost[i-1 ][k-l ][j-l ][s-proc][u]+(s*beta)+((k-1 )*proc*beta)+(G-1 )*proc*alpha); 
compare(coste,costt,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,kj,s,u,out); 

} 
elseif(u-l>=0){ 

coste=cost[i-l][k][j][s][u-l]+((u-l)*proc*alpha)+(m*delta*proc); 
cost[i] [k] [j ] [s] [u]=coste; 
out=coste; 
printout(i,kj,s,u,out); 

} 
else if((k-1 >=0)&&G-1 >=0)&&(s-proc>=0)) { 

costt=cost[i-1 ] [k-1 ] [j-1 ] [s-proc] [u]+(s*beta)+((k-1 )*proc*beta)+(G-1 )*proc*alpha); 
cost[i][k][j][s][u]=costt; 
out=costt; 
printout(i,k,j,s,u,out); 

} 
else{ 

continue; 
} 

} 
//case22222222222222222222222222222222222222222222222222222 
else if(G== 1 )&&(s==proc)&&(u!=1 )&&G<=k)) { 

if((u-l>=0)&&(k-l>=0)){ 
coste=cost[i-1 ] [k] [j] [s] [u-1 ]+((u-1 )*proc*alpha)+(m*delta*proc); 
//find clstar 
clstar=infinity; 
forGJ=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss++) { 
c 1 startemp=cost[i-1 ] [k-1 ] [jj ] [ss] [u]; 
if(c 1 star>c 1 startemp) { 

c 1 star=c 1 startemp; 
} 

} 
} 
c 1 starfinal=c 1 starl-(s*beta)+((k-1 )*proc*beta)+gamma; 
compare(coste,c 1 starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,k j ,s,u,out); 

} 
elseif(k-l>=0){ 

//find clstar 
c 1 star=infinity; 
forGJ=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss++) { 
c 1 startemp=cost[i-1 ] [k-1 ] [jj ] [ss] [u]; 
if(c 1 star>c 1 startemp) { 

clstar=cl startemp; 
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} 
} 
cost[i] [k] [j] [s] [u]=c 1 star+(s*beta)+((k-1 )*proc*beta)+gamma; 
out=cost[i][k][j][s][u]; 
printout(i,kJ,s,u,out); 

} 
else{ 
continue; 

//case33333333333333333333333333333333333333333333333333333 
elseif(G!=l||s!=proc)&&(u==l)&&G<=k)){ 

if(G-1 >=0)&&(s-proc>=0)&&(k-1 >=0)) { 
costt=cost[i-1 ][k-1 ][j-1 ][s-proc][u]+(s*beta)+((k-1 )*proc*beta)+(G-1 )*proc*alpha); 
//find c2star 
c2star=infinity; 
for(uu=0;uu<=i;uu-H-) { 

c2startemp=cost[i-l][k][j][s][uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 

c2starfinal=c2star+gamma+(m*delta*proc); 
compare(costt,c2starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,kj,s,u,out); 

} 
else { 

//find c2star 
c2star=infinity; 
for(uu=0;uu<=i;uu-H-) { 

c2startemp=cost[i-l][k][j][s][uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 

} 
} 
cost[i][k][j][s][u]=c2star+gamma+(m*delta*proc); 
out=cost[i][k][j][s][u]; 
printout(i,kJ ,s,u,out); 

} 

//case44444444444444444444444444444444444444444444444444444 

else if(G== 1 )&&(s==proc)&&(u== 1 )&&G<=k)) { 
//find clstar 
c 1 star=infinity; 
forGJ=0;jj<=i;jj++){ 

for(ss=0;ss<=Pm;ss++){ 
c 1 startemp=cost[i-1 ] [k-1 ] [jj] [ss] [u]; 
if(c I star>c 1 startemp) { 

clstar=cl startemp; 
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c 1 starfinal=c 1 star+(s*beta)+((k-1 )*proc*beta)+gamma; 
//find c2star 
c2star=infinity; 
for(uu=0;uu<=i;uu-H-) { 

c2startemp=cost[i-l][k][j][s][uu]; 
if(c2star>c2startemp) { 

c2star=c2startemp; 
} 

} 
c2starfinal=c2star-i-gamma+(m*delta*proc); 
//compare c 1 starfinal and c2starfinal 
compare(c 1 starfinal,c2starfinal,min); 
cost[i][k][j][s][u]=min; 
out=min; 
printout(i,k J ,s,u,out); 

} 
//444444444444444444444444444444444444444444444444444444444 

} 
//2++2-H-2-H-2++2-H-2++2++2++2++2++2++2++2-H-2-H-2++2++2++2++2-H-2++2++2-H-2++2++ 

} 
//== 

output«"C( " « i « " , " « k « " , " « j « " , " « s « " , " « u « " ) = "; 
output«mincost«"\n"; 
input.closeO; 
inputlist»filename; 

} 
// inputlist.closeO; 
return 0; 
} 

//Find minimum function 
void compare(unsigned short x, unsigned short y, unsigned short & z) { 

if(x<y){ 
z=x; 

} 
else{ 

z=y; 

//printout function 
void printout(int i, int k, int j , int s, int u, unsigned short ouO{ 

if ((out < infinity) && (i==m)){ 
if(out<=mincost){ 

mincost=out; 
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/ / — -
// FOR USE WITH LOW LEVEL OF NUMBER OF JOBS FACTOR IN DESIGN OF EXPERIMENT 
// What: 
// Title: Algorithm 2: Heuristic based on greedy algorithm method 

// Description: 
''/ This program is to find a schedule that minimize 
II earliness penalty, tardiness penalty, due date 
// penalty, and batch delivery cost for single machine 
// with unrestrictive due date. 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August 30, 2001 
// Last changed September 6, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// Number of jobs 
// Processing time of jobs 
// Earliness penalty weight 
// Tardiness penalty weight 
// Due date penalty weight 
// Batch delivery cost (per batch) 
// 
// 
// Output: 
// A schedule with total cost. 
// 
// 
#include <iostream> 
#include <fstream> 
#include <string> 

using namespace std; 

const n=5; 
void printout(int,int); 

ifstream inputlist,input; 
ofstream output("outputLal2.txt"); 

// Define fiinction used in this program 
int TotalcostZe (); 
int TotalcostZt (); 

// Define global variables 
int Z,Ztemp 1 [n+1 ] ,Ztemp2 [n+1 ]; 
int gamma,beta,alpha,delta; 
int i,proc[n+l]; 
int AbsE,e,Ecost2,pE[n+l],pEtemp[n+l],x,Pesum; 
int AbsT,t,Tcost 1 ,Tcost2[n+1 ],Tcost2e[n+1 ],Tcost2t[n+1 ]; 
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int pT[n+l],pTtemp[n+l],y; 

int main() { 

//Define local variable 
int j ,pefinal [n+1 ] ,ptfinal [n+1 ]; 
string list,filename; 

//Define list 
list="Lowlist.list"; 

//Open listname of file 
inputlist.open(list.c_str()); 
inputlist»filename; 

while (inputlist) { 
input.open(filename.c_str()); 
input»alpha; 
input»beta; 
input»delta; 
input»gamma; 

//initialize 
AbsE=0; 
e=0; 
Ecost2=0; 
x=0; 
y=0; 
Pesum=0; 
AbsT=0; 
t=0; 
Tcost 1=0; 
Tcost2[0]=0; 
Tcost2e[0]=0; 
Tcost2t[0]=0; 
Ztemp 1[0]=0; 
Ztemp2[0]=0; 
proc[0]=0; 
pEtemp[0]=0; 
pE[0]=0; 
pT[0]=0; 
pTtemp[0]=0; 
pefinal[0]=0; 
ptfinal[0]=0; 

// Read data from file 
for(i=l;i<=n;i++){ 

input»proc[i]; 

//Call 2 functions 
int CZe; 
CZe= TotalcostZeO; 
int CZt; 
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CZt= TotalcostZtO; 

//Find Min(Ze,Zt)=Z and update paremeters 
if(CZe<CZt){ 

Z=CZe; 
t=t-l; 
AbsE=AbsE-x; 
AbsT=AbsT-l; 
pefinal[e]=proc[i]; 
Ztemp 1 [i]=Z-Ecost2-(Pesum*delta*n)-gamma; 
Ztemp2[i]=Z-Tcost2[t]-Tcost2e[t]-Tcost2t[t]; 
printout(i,Z); 
forG=l;j<=AbsE;j-H-){ 

pE[j]=pEtemp[j+x]; 

else{ 
Z=CZt; 
e=e-l; 
Pesum=Pesum-proc[i]; 
ptfinal[t]=proc[i]; 
AbsT=AbsT-y; 
AbsE=AbsE-l; 
Ztemp l[i]=Z; 
Ztemp2[i]=Z-Tcost2[i]-Tcost2e[i]-Tcost2t[i]; 
printout(i,Z); 
forG=lu<=AbsT;j++){ 

pT[j]=pTtemp[j+y]; 

//= 
input.closeO; 
inputlist»filename; 
} 

// inputlist.closeO; 
return 0; 

// 
//Total cost Ze 
int TotalcostZeO { 

int j ,Cm[n+1 ],m,Psum,Pmsum; 
int Cx,Ze; 
int Ecostl; 

//Add Ji in E, then AbsE=AbsE+l, e=e+l 
Cx=0; 
x=0; 
AbsE=AbsE+I; 
e=e+l; 
Pesum=Pesum+proc[i]; 
pE[AbsE]=proc[i]; 
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//Find Cm and m that gives maximum Cm 
Psum=0; 
forG=l;j<=AbsE;j+-H){ 

Psum=Psum+pE[j ]; 
pEtemp[j]=pE[j]; 

} 
for (m=l; m<=AbsE-l; m++){ 

Pmsum=0; 
forG=l;j<=m;j+-^){ 

Pmsum=Pmsum+pE[j]; 
} 

Cm[m]=m*alpha*(Psum-Pmsum); 
if(Cm[m]>=Cx){ 

Cx=Cm[m]; 
x=m; 

//Test Cx > batch delivery cost 
if (Cx>=gamma) { 

//Find Ze 
Ecost 1=0; 
Ecost2=0; 

forG=l;j<=x;j++){ 
Ecostl=EcostI+(pE[j]*G-l)*alpha); 

} 
for G=x+1 ;j<=AbsE;j-H-) { 

Ecost2=Ecost2+(pE[j]*G-x-l)*alpha); 
} 
Ze=Ecostl+Ecost2+Ztempl[i-l]+(Pesum*delta*n)+(2*gamma); 

} 
else{ 

x=0; 
Ecost 1=0; 
Ecost2=0; 
forG=l;j<=AbsE;j-H-){ 

Ecost2=Ecost2+(pE[j]*G-l)*alpha); 

} 
Ze=Ecost 1 -l-Ecost2+Ztemp 1 [i-1 ]+(Pesum*delta*n)+gamma; 

} 

return (Ze); 

// 
//Total cost Zt 
int TotalcostZtO! 

int j,Ck[n+1 ],k,Psum,Pksum; 
int Cy,Zt; 
int Tcostle; 
intTcostlt; 
//Add Ji in T, then AbsT=AbsT+l, t=t+l 
Cy=0; 
y=0; 
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AbsT=AbsT+l; 
t=t+l; 
pT[AbsT]=proc[i]; 

//Find Ck and k that gives maximum Ck 
Psum=0; 
forG=l;j<=AbsT;j-f-f){ 

Psum=Psum+pT[j]; 
pTtemp[j]=pT[j]; 

} 
for (k= 1; k<=AbsT-1 ;k-H-) { 

Pksum=0; 
forG=l;j<=k;j+-H){ 

Pksum=Pksum+pT[j ]; 
} 

Ck[k]=k*alpha*(Psum-Pksum)-Hbeta*(Psum-Pksum); 
if(Ck[k]>=Cy){ 
Cy=Ck[k]; 
y=k; 

if (Cy>=gamma) { 
//Find Zt 
Tcost 1=0; 
Tcost le=0; 
Tcost lt=0; 
Tcost2[i]=0; 
Tcost2e[i]=0; 
Tcost2t[i]=0; 
forG=l;j<=y;j++){ 

Tcost 1 e=Tcost 1 e+(pT[j]*G-1 )*alpha); 
Tcostl=Tcostl+(pT[j]*(t-AbsT+l-j-i-y)*beta); 
Tcostlt=Tcostlt+(pT[j]*G-l)*beta); 

} 
for G=y+1 ;j<=AbsT;j-H-) { 

Tcost2e[i]=Tcost2e[i]+(pT[j]*G-y-l)* alpha); 
Tcost2[i]=Tcost2[i]+(pT[j]*(t+AbsT-y-j+l)*beta); 
Tcost2t[i]=Tcost2t[i]+(pT[i] *G-y-1 )*beta); 

} 
Tcost2[i]=Tcost2[i]+gamma; 
Zt=Tcostl+Tcostle+Tcostlt+Tcost2[i]+Tcost2e[i]+Tcost2t[i]+Ztemp2[i-l]+(gamma); 

} 
else{ 

y=0; 
Tcost 1=0; 
Tcost le=0; 
Tcost lt=0; 
Tcost2[i]=0; 
Tcost2e[i]=0; 
Tcost2t[i]=0; 
forG=l;j<=AbsT;j-H-){ 

Tcost2e[i]=Tcost2e[i]+(pT[j]*G-1 )* alpha); 
Tcost2[i]=Tcost2[i]+(pT[j]*(t-j+l )* beta); 
Tcost2t[i]=Tcost2t[i]+(pT[j]*G-l)*beta); 
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Tcost2 [i]=Tcost2 [i]+gamma; 
Zt=Tcostl+Tcostle+Tcostlt+Tcost2[i]+Tcost2e[i]+Tcost2t[i]+Ztemp2[i-l]; 

} 

return (Zt); 
} 

// 
//printout function 
void printout(int i,int Z){ 

int Zfirst=0; 
if(i==n){ 

Zfirst= (n*delta*proc[ 1 ])-l-((n*delta+alpha)*proc[2])+((n*delta+2*alpha)*proc[3]) 
+((n*delta+3*alpha)*proc[4])+((n*delta+4*alpha)*proc[5])+gamma; 

if(Zfirst>=Z){ 
output«Z«"\n"; 

} 
else{ 

output«Zfirst«"\n"; 
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// 
// What: 
// Title: Data Generator 
// Description: 
II This program is to generate data for design of experiment 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August 27, 2001 
// Last changed September 8, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// Number of jobs 
// Output: 
// A set of data. 
// 
/ /— — 
#include <iostream> 
#include <fstream> 
#include <string> 

using namespace std; 

int lowalphaO; 
int highalphaO; 
int lowbetaO; 
int highbetaO; 
int lowdeltaO; 
int highdeltaO; 
int lowgammaO; 
int highgammaO; 
void lowprocessing(int &,int &,int &,int &,int &); 
void highprocessing(int &,int &,int &,int &,int &,int &,int &,int &,int &,int &); 

ifstream input; 
ofstream output; 

void main(){ 

//variable declaration 
intn,i,rj; 
int p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10; 
char designlevel; 
string list,filename; 

cout«"Choose between high or low levels: please enter H or L = "; 
cin»designlevel; 
cout«"Number of jobs = "; 
c in»n; 
cout«"number of replication = "; 
c in»r ; 
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switch(designlevel){ 
case T: 
case 'L': 

list = "Lowlist.list"; 
break; 

case 'h': 
case 'H': 

list = "Highlist.list"; 
break; 

defauh: 
cout«"I told you to input either H or L"; 
list = "x.list"; 
break; 

} 

// Generate file name 
output.open(list.c_str()); 
for(i=l;i<=16;i-H-){ 

forG=l;j<=r;j++){ 
output«des ignleve l«n«" t"« i«"-"« j«" .da t"«" \n" : 

} 
} 
output.closeO; 

// Generate information inside file name 
input.open(list.c_str()); 
for(i=l;i<=16*r;i++){ 

input»filename; 
output.open(filename.c_str()); 

// 
if((i>=l)&&(i<=r)){ 
//Treatment #1 

output«lowalpha()«"\n"; 
output«Iowbeta()«"\n"; 
output«lowdelta()«"\n"; 
output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel) { 
case '1': 
case 'L': 

lowprocessing(pl ,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
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output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>r)&&(i<=2*r)){ 
//Treatment #2 

output«lowalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«lowdelta()«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel) { 
case '1': 
case 'L': 

lowprocessing(pl ,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«"\n" ; 
output«p2«"\n" 
output«p3«"\n" 
output«p4«"\n" 
output«p5«"\n" 
output«p6«"\n" 
output«p7«"\n" 
output«p8«"\n" 
output«p9«"\n" 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>2*r)&&(i<=3*r)){ 
//Treatment #3 

output«lowalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«highdelta()«"\n"; 
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output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case T: 
case 'L': 

lowprocessing(p 1 ,p2 ,p3 ,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>3*r)&&(i<=4*r)){ 
//Treatment #4 

output«lowalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«highdelta()«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel) { 
case T: 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,pl0); 
output«pl«"\n" ; 
output«p2«"\n"; 
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output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>4*r)&&(i<=5*r)){ 
//Treatment #5 

output«lowalpha()«"\n"; 
output«highbeta()«"\n"; 
output«lowdeltaO«"\n"; 
output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel) { 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n' ' ; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,plO); 
output«pl«" \n" ; 
output«p2«"\n" 
output«p3«"\n" 
output«p4«"\n" 
output«p5«"\n" 
output«p6«"\n" 
output«p7«"\n" 
output«p8«"\n" 
output«p9«"\n" 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>5*r)&&(i<=6*r)){ 
//Treatment #6 

output«lowalpha()«"\n"; 
output«highbeta()«"\n"; 
output«lowdelta()«"\n"; 
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output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(p 1 ,p2,p3 ,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n' ' ; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,pl0); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>6*r)&&(i<=7*r)){ 
//Treatment #7 

output«lowalpha()«"\n"; 
output«highbeta()«"\n"; 
output«highdelta()«"\n"; 
output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
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output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>7*r)&&(i<=8*r)){ 
//Treatment #8 

output«lowalpha()«"\n"; 
output«highbeta()«"\n"; 
output«highdelta()«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl ,p2,p3,p4,p5); 
output«pl«"\n"; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>8*r)&&(i<=9*r)){ 
//Treatment #9 

output«highalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«lowdelta()«"\n"; 
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output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,pl0); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>9*r)&&(i<=10*r)){ 
//Treatment #10 

output«highalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«lowdelta()«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
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output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>10*r)&&(i<=ll*r))! 
//Treatment #11 

output«highalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«highdelta()«"\n"; 
output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>ll*r)&&(i<=12*r))! 
//Treatment #12 

output«highalpha()«"\n"; 
output«lowbeta()«"\n"; 
output«highdelta()«"\n"; 
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output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,pl0); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

} 
} 
if((i>12*r)&&(i<=13*r))! 
//Treatment #13 

output«highalpha()«"\n"; 
output«highbeta()«"\n"; 
output«IowdeltaO«"\n"; 
output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case T: 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
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output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>13*r)&&(i<=14*r))! 
//Treatment #14 

output«highalpha()«"\n"; 
output«highbeta()«"\n"; 
output«lowdeltaO«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>14*r)&&(i<=15*r))! 
//Treatment #15 

output«highalpha()«"\n"; 
output«highbeta()«"\n"; 
output«highdelta()«"\n"; 
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output«lowgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case '1': 
case 'L': 

lowprocessing(pl ,p2,p3,p4,p5); 
output«pl«" \n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(pl,p2,p3,p4,p5,p6,p7,p8,p9,pl0); 
output«pl«"\n"; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
output«p6«"\n"; 
output«p7«"\n"; 
output«p8«"\n"; 
output«p9«"\n"; 
output«plO«"\n"; 
break; 

default: 
break; 

if((i>15*r)&&(i<=16*r))! 
//Treatment #16 

output«highalpha()«"\n"; 
output«highbeta()«"\n"; 
output«highdelta()«"\n"; 
output«highgamma()«"\n"; 

//Processing time 
switch (designlevel)! 
case T: 
case 'L': 

lowprocessing(p 1 ,p2,p3,p4,p5); 
output«pl«"\n" ; 
output«p2«"\n"; 
output«p3«"\n"; 
output«p4«"\n"; 
output«p5«"\n"; 
break; 

case 'h': 
case 'H': 

highprocessing(p 1 ,p2,p3,p4,p5,p6,p7,p8,p9,p 10); 
output«pl«" \n" ; 
output«p2«"\n"; 
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output«p3«"\n" 
output«p4«"\n" 
output«p5«"\n" 
output«p6«"\n" 
output«p7«"\n" 
output«p8«"\n" 
output«p9«"\n" 
output«plO«"\n 
break; 

default: 
break; 

} 
} 
// -

output.closeO; 
} 

//lowalpha 
int lowalphaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(l,10) random variate 
y=int((l+u*(10-l))+0.5); 

return (y); 

//lowbeta 
int lowbetaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U( 18,25) random variate 
y=int((18+u*(25-18))+0.5); 

return (y); 
} 

//lowdelta 
int lowdeltaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(l,8) random variate 
y=int((l+u*(8-l))+0.5); 

return (y); 
} 

//lowgamma 
int lowgammaO! 
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float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U( 100,200) random variate 
y= int((100+u*(200-100))+0.5); 

return (y); 

//Processing time 
void lowprocessing(int &pl,int &p2,int &p3,int &p4,int &p5)! 

pl=8; 
p2=7; 
p3=5; 
p4=4; 
p5=2; 

} 

//highalpha 
int highalphaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(l 1,20) random variate 
y=int((ll+u*(20-ll))+0.5); 

return (y); 
} 

//highbeta 
int highbetaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(28,35) random variate 
y= int((28+u*(35-28))+0.5); 

return (y); 

//highdelta 
int highdeltaO! 

float u; 
inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(l 1,18) random variate 
y=int((ll+u*(18-ll))+0.5); 

return (y); 

//highgamma 
int highgammaO! 

float u; 
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inty; 
//Generate a float U(0,1) random variate.// 
u=(rand()%101)/100.0; 
//Return an int U(300,400) random variate 
y= int((300+u*(400-300))+0.5); 

return (y); 

//Processing time 
void highprocessing(int &pl,int &p2,int &p3,int &p4,int &p5,int &p6,int &p7,int &p8,int &p9,int &plO)! 

pl=8; 
p2=5; 
p3=5; 
p4=4; 
p5=3; 
p6=3; 
p7=3; 
p8=l; 
p9=l; 
plO=l; 
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// 
// What: 
// Title: SAS Input Generator for 2power of k factorial design 
// Description: 
// This program is to generate 0 and 1 for the data 
// Who: 
// Author Viput Ongsakul 
// 
// When: 
// Inception August 31, 2001 
// Last changed August 31, 2001 
// by Viput Ongsakul 
// 
// How: 
// Input: 
// % deviation 
// Output: 
// each level and % deviation 
// 
// 
#include <iostream> 
#include <fstream> 

using namespace std; 

ifstream input("datafrom21evels.txt"); 
ofstream output("input.dat"); 

void mainO! 

//variable declaration 
const int r=50; /*(number of replication)*/ 
int i; 
float proc; 

// Read data from file 
for(i=l;i<=32*r;i++)! 

input»proc; 

//-
if((i>=l)&&(i<=r))! 
//Treatment #1 

o u t p u t « 0 « " " ; 
o u t p u t « 0 « " "; 
o u t p u t « 0 « " " ; 
o u t p u t « 0 « " " ; 
o u t p u t « 0 « " " ; 
output«proc«"\n" 

} 
if((i>r)&&(i<=2*r))! 
//Treatment #2 

o u t p u t « 0 « " " ; 
o u t p u t « 0 « " " ; 
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output«0«" "; 
output«0«""; 
ou tput« l«" •; 
output«proc«"\n"; 

} 
if((i>2*r)&&(i<=3*r))! 
//Treatment #3 

output«0«""; 
output«0«""; 
output«0«""; 
output«l«"" ; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>3*r)&&(i<=4*r))! 
//Treatment #4 

output«0«""; 
output«0«""; 
output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«proc«"\n"; 

} 
if((i>4*r)&&(i<=5*r))! 
//Treatment #5 

output«0«" "; 
output«0«" 
output«l«"" ; 
output«0«" 
output«0«" 
output«proc«"\n"; 

} 
if((i>5*r)&&(i<=6*r))! 
//Treatment #6 

output«0«" 
output«0«" 
output« l«" 
output«0«" 
output« l«" 
output«proc«"\n";; 

} 
if((i>6*r)&&(i<=7*r))! 
//Treatment #7 

output«0«""; 
output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>7*r)&&(i<=8*r))! 
//Treatment #8 

output«0«""; 
output«0«""; 
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output« l«" "; 
output« l«" "; 
output« l«" "; 
output«proc«"\n"; 

} 
if((i>8*r)&&(i<=9*r))! 
//Treatment #9 

output«0«""; 
ou tput« l«" "; 
output«0«" "; 
output«0«""; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>9*r)&&(i<=10*r))! 
//Treatment #10 

output«0«""; 
output«l«"" ; 
output«0«""; 
output«0«""; 
output«l«"" ; 
output«proc«"\n"; 

} 
if((i>10*r)&&(i<=ll*r))! 
//Treatment #11 

output«0«""; 
output«l«"" ; 
output«0«""; 
output«l«"" ; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>ll*r)&&(i<=12*r))! 
//Treatment #12 

output«0«""; 
output«l«"" ; 
output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«proc«"\n"; 

} 
if((i>12*r)&&(i<=13*r))! 
//Treatment #13 

output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«0«""; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>13*r)&&(i<=14*r))! 
//Treatment #14 

output«0«""; 
output«l«"" ; 
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0Utput«l«" "; 
output«0«" "; 
OUtput«l«" "; 
output«proc«"\n" • 

} 
if((i>14*r)&&(i<=15*r))! 
//Treatment #15 

output«0«" "; 
output« l«" "; 
output« l«" "; 
output« l«" "; 
output«0«" "; 
output«proc«"\n"; 

} 
if((i>15*r)&&(i<=16*r))! 
//Treatment #16 

output«0«""; 
output« l«" "; 
output« l«" •'; 
output« l«" "; 
output« l«" "; 
output«proc«"\n"; 

} 
if((i>16*r)&&(i<=17*r))! 
//Treatment #17 

output«l«"" ; 
output«0«""; 
output«0«""; 
output«0«""; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>17*r)&&(i<=18*r))! 
//Treatment #18 

output«l«"" ; 
output«0«""; 
output«0«""; 
output«0«" "; 
output«l«"" ; 
output«proc«"\n"; 

} 
if((i>18*r)&&(i<=19*r))! 
//Treatment #19 

output«l«"" ; 
output«0«" "; 
output«0«""; 
output«l«"" ; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>19*r)&&(i<=20*r))! 
//Treatment #20 

output«l«"" ; 
output«0«" "; 

187 



output«0«" "; 
ou tput« l«" "; 
OUtput«l«" "; 
output«proc«"\n" • 

} 
if((i>20*r)&&(i<=21*r))! 
//Treatment #21 

output«l«"" ; 
output«0«""; 
output« l«" "; 
output«0«" "; 
output«0«" "; 
output«proc«"\n"; 

} 
if((i>21*r)&&(i<=22*r))! 
//Treatment #22 

output«l«"" ; 
output«0«" "; 
output« l«" "; 
output«0«" "; 
output« l«" "; 
output«proc«"\n"; 

} 
if((i>22*r)&&(i<=23*r))! 
//Treatment #23 

output«l«"" ; 
output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«0«" "; 
output«proc«"\n"; 

} 
if((i>23*r)&&(i<=24*r))! 
//Treatment #24 

output«l«"" ; 
output«0«""; 
output«l«"" ; 
output«l«"" ; 
output«l«"" ; 
output«proc«"\n"; 

} 
if((i>24*r)&&(i<=25*r))! 
//Treatment #25 

output«l«"" ; 
output«l«" "; 
output«0«""; 
output«0«""; 
output«0«""; 
output«proc«"\n"; 

} 
if((i>25*r)&&(i<=26*r))! 
//Treatment #26 

output«l«" "; 
output«l«"" ; 
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o u t p u t « 0 « " "; 
o u t p u t « 0 « " "; 
o u t p u t « l « " "; 
output«proc«"\n"; 

} 
if((i>26*r)&&(i<=27*r))! 
//Treatment #27 

o u t p u t « l « " "; 
o u t p u t « l « " "; 
o u t p u t « 0 « " "; 
o u t p u t « l « " "; 
o u t p u t « 0 « " "; 
output«proc«"\n"; 

} 
if((i>27*r)&&(i<=28*r))! 
//Treatment #28 

o u t p u t « l « " "; 
o u t p u t « l « " "; 
o u t p u t « 0 « " " ; 
o u t p u t « l « " " ; 
o u t p u t « I « " " ; 
output«proc«"\n"; 

} 
if((i>28*r)&&(i<=29*r))! 
//Treatment #29 

o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
o u t p u t « l « " "; 
o u t p u t « 0 « " "; 
o u t p u t « 0 « " " ; 
output«proc«"\n"; 

} 
if((i>29*r)&&(i<=30*r))! 
//Treatment #30 

o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
o u t p u t « 0 « " " ; 
o u t p u t « l « " " ; 
output«proc«"\n"; 

} 
if((i>30*r)&&(i<=31*r))! 
//Treatment #31 

o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
o u t p u t « l « " "; 
o u t p u t « 0 « " "; 
output«proc«"\n"; 

} 
if((i>31*r)&&(i<=32*r))! 
//Treatment #32 

o u t p u t « l « " " ; 
o u t p u t « l « " " ; 
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OUtput«l«" "; 
OUtput«l«" "; 
OUtput«l«" "; 
output«proc«"\n": 
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APPENDIX B 

EXAMPLE OF SAS INPUT 
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Level 
n a P d 

Table B 1 Example of SAS input 
Level 

Z. R n a P 5 y R 
0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

Level 

n a p 5 z_ R 
0 0.00000 

0 0.00000 

0 3.98406 

0 0.00000 

0 0.00000 

0 0.18886 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 4.05007 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 1.96687 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 2.78388 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 2.75862 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 0 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 1 0.00000 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 0 

0 0 0 1 

0 0 0 1 

0 0 0 1 

0 0 0 1 

0 0 0 1 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

1 0.00000 

0 3.52273 

0 0.00000 

0 5.85635 

0 0.00000 

0 0.00000 
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Table B 1 
Level 

n a P 5 y R 

Example of SAS input (continue) 
Level 

n a p 5 y R 
Level 

a p S y R 
1 1 1 0 1 1.53538 1 

1 1 1 0 1 1.75126 1 

1 1 1 0 1 0.00000 1 

1 1 1 0 1 0.00000 1 

1 1 1 0 1 2.13333 1 1 

1 1 1 1 0 1.42498 1 

1 1 1 1 0 0.23280 1 ] 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.56216 1 1 

1 1 1 1 0 0.50025 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.34843 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 1.26880 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.82855 1 1 

1 1 1 I 0 0.57022 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.18841 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.88192 1 1 

1 1 1 1 0 1.23330 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.06559 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.00000 1 1 

1 1 1 1 0 0.32168 1 1 

1 1 1 1 0 1.05428 1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

1 1 

I 1 

1 1 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

1 

1 

1 

1 

1 

1 

1 

1 

1 

1 

1 

1 

1 

0.37332 1 1 

0.85106 1 1 

0.00000 1 1 

0.51436 1 1 

0.00000 1 1 

0.52595 1 1 

1.38504 1 1 

0.26385 1 1 

0.00000 1 1 

0.00000 1 1 

0.00000 1 1 

0.00000 1 1 

0.29492 1 1 

0.40051 1 1 

0.00000 1 1 

0.00000 1 1 

0.00000 1 1 

1.16097 1 1 

1.22921 1 1 

0.00000 1 1 

0.46440 1 1 

4.11055 1 1 

4.54288 1 1 

1.35985 1 1 

6.69790 1 1 

3.23157 1 1 

3.18146 1 1 

0.71864 1 1 

0.60720 1 1 

4.87127 1 1 

4.67847 1 1 

5.82219 1 1 

6.17545 1 1 

0.06425 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

I 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

1 1 1 

2.38994 

4.91284 

3.24205 

3.27769 

6.04608 

7.43180 

0.00000 

7.54319 

4.94971 

3.60100 

6.90097 

1.58544 

4.39906 

5.44052 

1.97761 

4.00580 

0.34028 

8.02890 

11.2017 

5.22889 

0.75791 

0.74380 

0.00000 

4.49398 

2.31250 

5.39266 

2.20059 

7.36093 

4.03704 

2.01086 

0.14957 

6.87851 

5.92648 

7.28685 
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APPENDIX C 

THE EXAMPLE OF SAS OUTPUT: 

UNTRANSFORMED DATA 

194 



Obs 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

Observed 

value 

0.00000 

0.00000 

3.98406 

0.00000 

0.00000 

0.18886 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

4.05007 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

1.96687 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

2.78388 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

1 
Predicted 

value 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

able C 1 Example 

Residual 

-0.31465 

-0.31465 

3.66941 

-0.31465 

-0.31465 

-0.12579 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

3.73542 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

1.65222 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

2.46923 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

of SAS ̂  

Obs 

38 

39 

40 
41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 

66 

67 

68 

69 

70 

71 

72 

73 

74 

output 

Observed 

value 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

2.75862 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

Predicted 

value 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.31465 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

Residual 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

2.44397 

-0.31465 

-0.31465 

-0.31465 

-0.31465 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 

0.00000 
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Obs Observed 

value 

Table C 1 Example of SAS output (continue) 
Predicted Residual 

value 
Obs Observed Predicted 

value value 
Residual 

1525 

1526 

1527 

1528 

1529 

1530 

1531 

1532 

1533 

1534 

1535 

1536 

1537 

1538 

1539 

1540 

1541 

1542 

1543 

1544 

1545 

1546 

1547 

1548 

1549 

1550 

1551 

1552 

1553 

1554 

1555 

1556 

1557 

1558 

1559 

1560 

1561 

0.0656 

0.0000 

0.0000 

0.3217 

1.0543 

0.3733 

0.8511 

0.0000 

0.5144 

0.0000 

0.5260 

1.3850 

0.2639 

0.0000 

0.0000 

0.0000 

0.0000 

0.2949 

0.4005 

0.0000 

0.0000 

0.0000 

1.1610 

1.2292 

0.0000 

0.4644 

4.1106 

4.5429 

1.35985 

6.6979 

3.23157 

3.18146 

0.71864 

0.6072 

4.87127 

4.67847 

5.82219 

0.3388992 -0.273309 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 -0.017219 

0.3388992 0.7153808 

0.3388992 0.0344208 

0.3388992 0.5121608 

0.3388992 -0.338899 

0.3388992 0.1754608 

0.3388992 -0.338899 

0.3388992 0.1870508 

0.3388992 1.0461408 

0.3388992 -0.075049 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 -0.043979 

0.3388992 0.0616108 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 -0.338899 

0.3388992 0.8220708 

0.3388992 0.8903108 

0.3388992 -0.338899 

0.3388992 0.1255008 

4.0392336 0.0713164 

4.0392336 0.5036464 

4.0392336 -2.679384 

4.0392336 2.6586664 

4.0392336 -0.807664 

4.0392336 -0.857774 

4.0392336 -3.320594 

4.0392336 -3.432034 

4.0392336 0.8320364 

4.0392336 0.6392364 

4.0392336 1.7829564 

1562 

1563 

1564 

1565 

1566 

1567 

1568 

1569 

1570 

1571 

1572 

1573 

1574 

1575 

1576 

1577 

1578 

1579 

1580 

1581 

1582 

1583 

1584 

1585 

1586 

1587 

1588 

1589 

1590 

1591 

1592 

1593 

1594 

1595 

1596 

1597 

1598 

6.17545 

0.06425 

2.38994 

4.91284 

3.24205 

3.27769 

6.04608 

7.43180 

0.00000 

7.54319 

4.94971 

3.60100 

6.90097 

1.58544 

4.39906 

5.44052 

1.97761 

4.00580 

0.34028 

8.02890 

11.20170 

5.22889 

0.75791 

0.74380 

0.00000 

4.49398 

2.31250 

5.39266 

2.20059 

7.36093 

4.03704 

2.01086 

0.14957 

6.87851 

5.92648 

7.28685 

4.20735 

4.0392336 

4.0392336 

4.0392336 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

4.03923 

2.1362164 

-3.974984 

-1.649294 

0.87361 

-0.79718 

-0.76154 

2.00685 

3.39257 

-4.03923 

3.50396 

0.91048 

-0.43823 

2.86174 

-2.45379 

0.35983 

1.40129 

-2.06162 

-0.03343 

-3.69895 

3.98967 

7.16247 

1.18966 

-3.28132 

-3.29543 

-4.03923 

0.45475 

-1.72673 

1.35343 

-1.83864 

3.32170 

-0.00219 

-2.02837 

-3.88966 

2.83928 

1.88725 

3.24762 

0.16812 
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